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Abstract

Energy consumption in monitoring and communica-
tion protocols for wirelesssensornetworksbecameoneof
themost important performance objective. We assumea
commonly accepted sensornetwork model in which sen-
sorscan interchangeidle andactivemodesboth for mon-
itoring and communicating. We intr oduce a reliability
requirement for distributed target-monitoring protocols
and provethat previouslyconsidered protocols [1],[2] are
reliable.

In this paper weproposea newDeterministic Energy-
E�cient Protocol for Sensornetworks(DEEPS) aimed
at prolonging the lifetime. We prove that DEEPS
is reliable and compare DEEPS with several known
target-monitoring protocols in NS2 environment us-
ing LEACH[4] protocol for data delivery to the base.
We implemented the ful l-
e dged simulation of the mon-
itoring protocols on NS2 combined with LEACH[4] as a
communication protocol, andperformed extensiveexper-
imental studyof several protocolsshowingalmost2 times
increase in the lifetime for DEEPS over known proto-
cols.

1. In tro duction

Advancesin VLSI and wirelesstechnologieshave re-
sulted in creation of a�ordable small wireless sensors
which become essential providers and active partici-
pants of our information era. It is not surprising that
wirelesssensorsnetworks have shifted into the focus of
considerableresearch during the past few years.

A sensornetwork is composedof a large number of
sensorthat can be densely deployed close to the tar-
geted environment which is required to monitor. The
position of sensornodes in generalare not required to
be engineeredor predetermined. This allows fast ran-
dom deployment in inaccessibleterrains or hazardous
environments. Some of the most important applica-
tion areas of sensor networks include military , natu-

ral calamities such as forest �re detection and tornado
motion, di�eren t kinds of surveillance.

When comparedto traditional ad hoc networks, the
most noticeable point about sensornetworks is that,
they are limited in power, computational capacities,
and memory. A wirelesssensornode typically consists
of sensing hardware, embedded processor& memory,
transceiver and batteries. In most applications, replen-
ishment of power resourcesmight be impossible. The
energydensity of batteries hasonly doubled every 5 to
20 years, depending on the particular chemistry, and
prolongedre�nement of any chemistry yields diminish-
ing returns. This shows that energy saving will be a
critical issuefor the foreseeablefuture.

The main metric for measuringperformanceof sen-
sor network protocols is the sensor network lifetime
measuredby total time during which the network per-
form its monitoring duties without recharging batter-
ies. Other important parameters are latency (which is
a speci�ed upper bound on the delay with which col-
lected data should be delivered to the base)and fault-
tolerance (non-catastrophic individual sensor failures
should be timely and reliably repaired).

Power consumption of a sensorcan be divided into
three domains corresponding to the main sensortasks:
data collection (monitoring events), data aggregation,
and data delivery to the base.It has beenshown that
the energynecessaryto perform 3000instruction is the
sameasto send1 bit for 100mby radio [10]. Most previ-
ous e�orts on optimizing power consumption has been
concentrated on routing protocols, in particular, deliv-
ery of data to the baseand data requestsfrom the base
to sensornodes.

In this paper wewill concentrate on maximizing sen-
sor network lifetime by using distributed algorithms for
continuous and event-driven models.

Monitoring schedule protocols have been proposed
in [9] and recently in [3]. The Probing Environment
and Adaptiv e Sleeping(PEAS) proposedin [3] is solely
based on random decisionsand no load balancing is
considered.In [9], the authors emphasizedi�eren tiated
degreeof coverageand their approach allows each sen-



sor to decide itself a monitoring schedule. To balance
the energy consumption, each sensorproducesa num-
ber of schedules,transmits to its neighbors, and selects
the most suitable schedule. The randomized heuristics
of [9] are analyzedthrough simulations and no approx-
imation ratio is given. In [1], �rst provably good cen-
tralized approximation algorithms as well as formally
described distributed algorithms are given. Cardei et
al. [3] proposethe samemodel as [1] and present cen-
tralized heuristics without proving any approximation
ratio. The three papers cited in this paragraph do not
takeinto account the costof communicating to the base
the data collected by monitoring.

This work is a continuation and re�nement of [1],
[2]. Our contributions for continuous and event-driv en
monitoring models include:

1. a novel target-coverage model and de�ning reli-
able monitoring protocols,

2. a new provably reliable Deterministic Energy Ef-
�cien t Protocol (DEEPS) basedon upper bounds
on target coverage,which is an improvement over
Load-Balancing Protocol (LBP) from [1]

3. �rst full-
edged simulation of the monitoring pro-
tocols on NS2 with LEA CH as a communication
protocol, showing almost 2 times increasein the
lifetime for DEEPS over existing protocols.

The rest of the paper is organizedas follows. In the
next section we will formally describe the sensornet-
work model under consideration and intro duce relia-
bilit y constraint for monitoring protocols. In Section
3, we describe the load-balancing protocol from [1],
show that it is reliable and give an instance of sensor
networks showing limits of its e�ciency . Section 4 de-
scribesour new proposedprotocol DEEPS and proves
its e�ciency and reliabilit y. NS2+LEA CH simulation
results for DEEPS, LBP and other protocols is de-
scribed in Section 5.

2. Con tin uous and Event-Driv en Sensor
Net work Mo del

Geometric Mo del. Our model of a sensornetwork is
close to one described in [7, 8]. We assumethat sen-
sorsare sprayed over the region R which is required to
monitor, and each sensorpi has its own monitored re-
gion Ri which it covers, i.e., pi can collect the trustful
data from Ri without help of any other sensor.Assum-
ing the regions Ri are disks, it has been shown in [1]
that an e�cien t data structure reducesthe entire mon-
itored region to the small set of faces (O(n2), where
n is the number of sensors)which are the regionscov-
ered by the samesubsetof sensors.

We also considera casewhen it is required to cover
certain points (targets) rather than 2-dim regions.By
putting a target in each face, the data structure above
e�ectiv ely shows that the caseof covering targets is a
more generalcase.Therefore,we assumethat each sen-
sor knows its own coordinates as well as the ID's of all
its covered targets.
Comm unication and Monitoring Mo dels. Each
sensorcan be in the following communication modes:
sleeping,listening, receivingand sendingand two mon-
itoring modes: idle and active. In the sleeping mode,
nodes do not hear any packets but it is possible to
use wake-up mechanisms such as in [5]. In general we
assumethat the energy cost for supporting wake-up
mechanism is low.

Following LEA CH[4], when a sensoris active, then
it is supposedto senddata packets to the base(usually
via clusterheads)with a prescribed frequencyin caseof
continuous model or randomly in caseof event-driv en
model.

We also assumethat the number of sensorslargely
exceedsthe amount necessaryto monitor the required
region R. Therefore, it is possibleto turn somesensors
in the sleepy idle mode saving their energy and pro-
longing the network lifetime. Sensorscan interchange
their mode multiple times and possibleenergylossdue
to changing mode can be taken in account.
Monitoring Proto col Mo dels. The main require-
ment for all monitoring protocols is to be reliable, i.e.,
alwayscover each target unlessall sensorscovering such
target are exhausted.Surprisingly, a simple rule that a
sensorshould stay active if it is the last sensorcover-
ing a target doesnot guarantee reliabilit y in the pres-
enceof lossyor slow communication. Therefore the re-
liabilit y requirements imply that a protocol is reliable
only if for any target t ∈ T there is at least one sen-
sor s ∈ S which cannot becomeidle unless it knows
that an active senorcovers t.

We considera classof monitoring protocols in which
each sensorcan broadcast just before its battery ex-
haustion. This is an important assumption which al-
lows sensorsto becomesleepy and do not waste en-
ergy for listening. Assumingthat messagesfrom nearly-
exhausted sensorsdo not happened frequently , it is
possibleto usewake-up mechanismssuch as in [5]. So
we further assumethat neighboring sleepy sensorscan
wake-up in order to decidewho will substitute the ex-
hausted sensor.

We further assumethat each sensors can commu-
nicate with all sensorssharing faceswith s, otherwise,
we can, e.g., increasefor this purposecommunication
range.The geometricdata structure can be easilybuilt
in the distributed manner as follows: (1) each sensor



broadcast to its neighbors its id and geographicalposi-
tion, (2) each sensordeterminesall the facesin its mon-
itored area and associate with each face the id's of all
sensorscovering this face.

3. Load-Balancing Proto col for Sensing

In this section we brie
y describe a revised load-
balancing protocol (see[1]), show that it is reliable and
give an instance of sensornetworks illustrating limita-
tions of its e�ciency . Everywhere below, we assume
that we do not have ties in energy supplies { the ties
are broken using id's of targets or sensors.

There are two main questionswhich should be an-
swered by any monitoring protocol: (1) What are the
rules for each node to decidewhether it should become
idle or active (i.e., turn itself on or o� )? and (2) When
should nodesmake such decision?

Onemain ideabehind all sensingprotocolsis to keep
at any time a minimal sensorcover, i.e., changing the
mode of a sensor from active to idle would result in
some target becoming un-monitored. While one can-
not prove just basedon the minimal property an ap-
proximation ratio, the dualit y paradigm from the pre-
vious section suggestthat the minimal property must
be maintained.

The Load-Balancing Protocol (LBP) for sensingim-
provesover the protocol from [8] by allowing sensorsto
freely exchangeon and o� states (see[1]). As a result,
if a certain sensoris overusedcomparatively with its
neighbors, then it gets a break. The main intuition be-
hind LBP is that by meansof load-balancingonekeeps
alive a maximum number of sensorsas long as possi-
ble. Then for a longer period sensorswould have more
freedom to choose who will stay active to cover tar-
gets. We �rst describe the three states of each node of
LBP:

on = active and sleepy modes,i.e., the sensordecided
to monitor its targets and does not waste energy
for communication;

o� = idle and sleepy modes, i.e., the sensordecided
that it can stop wasting any energy(since,e.g.,all
his targets are taken care of);

alert = active and listening modes,i.e., the sensormon-
itors its targets and should change its state to ei-
ther active or idle in order to reduce energy con-
sumption.

Each alert sensorknows in which state all its neigh-
bors { any state transition is immediately broadcasted
to the neighbors together with the current energy(bat-
tery) supply.
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Figure 1. An examplewith the optimal scheduleequal
to 2000 time units long. LBP scheduleis twice shorter
since it usesthe 1000-battery sensors simultaneously
for 999 time units. DEEPS schedule almost matches
the optimum schedule.

The state transitions from the alert state are de-
scribed by the following two rules:

(1) (on-rule) whenever a sensors hasa target covered
solely by itself (no alert- or on-sensorcovers it), s
switchesitself on, i.e., changesits state to "on".

(2) (o�-rule ) whenever each target coveredby a sensor
s is alsocoveredeither by an on-sensoror an alert-
sensorwith a larger battery supply, s switches it-
self o�, i.e., s changesits state to "o�".

With a certain period (depending on energy spent
on communication) all nodesare alerted using wake-up
calls. After that a socalled global reshu�e put all alert
sensorsto on/o� states.During a global reshu�e, each
sensor�rst broadcaststo its neighbors its targets and
battery supply and in the secondbroadcast tells if it
switcheson or o�.

Finally, if an active sensorexhausts its energy sup-
ply and is goingto die, then usingwake-upcalls it alerts
neighboring sensorsand a local reshu�e puts alerted
neighbors into on/o� statese�ectiv ely substituting the
exhaustedsensor.It hasbeenshown in [1] that the LBP
satis�es the following property.

Theorem 1 [1] Each global reshu�e of LBP needs 2
broadcasts (to the neighbors) from each sensorand the
resulted set of all active sensorsform a minimal sensor
cover.

Theorem 2 The LBP is a reliableprotocol.
Pro of. The "o�-rule" (2) allows a sensorto switch-o�
itself only if it doesnot havethe maximum battery sup-
ply for any of its targets uncovered by on-sensors.In
other words, for any target t, there is a sensorin charge
of covering it, namely the sensorwith the largest bat-
tery supply.

We will now describe an exampleshowing that LBP
can havean unboundedine�ciency . It consistsof 3 tar-
gets(�lled rectangles),2 elliptic sensorseach with 1000



batteries and 2 groupsof 1000sensorseach with 1 bat-
tery (seeFigure 1). The optimal monitoring schedule
would be to use for 1000 time units bottom-left 1000-
group and top-right 1000-battery sensor and for the
next 1000time units usethe rest of sensors.Thus, the
total lifetime is 2000. Instead, LBP will use the two
1000-battery sensorsuntil they will be almost gone.As
a result the top target can be covered during at most
1001 time units (even if we will continuously reshuf-

e free of charge). It is easy to see that the factor-
2 loss can be generalizeda factor-k loss by having k
1000-battery sensorscovering a middle target, another
k targets, each coveredby oneof the 1000-battery sen-
sorsand by (k − 1) · 1000other sensorseach with bat-
tery 1, such that the set of sensorscovering thesek tar-
gets are disjoint.

Even if the original battery supply is the samefor
all nodes,if ties are broken in a worst-casemanner, one
can end up with the example in Figure 1 when 1000
nodesof battery 1 replaceeach sensorof battery 1000.

The main drawback of LBP is that it balancesthe
load of sensors(while it doesnot matter if they alive or
not) instead of balancingenergyof sensorscovering the
sametarget. In the next section we propose our new
protocol which overcomesthis drawback.

4. DEEPS Proto col for Sensing

This section describes our new Determinis-
tic Energy-E�cien t Protocol for Sensing (DEEPS)
and provesits reliabilit y.

We will �rst explain intuition behind DEEPS. It is
easyto seethat the bestschedulefor any individual tar-
get t is to make all covering sensorsto be active in se-
quential time periods. Indeed, if any two covering sen-
sors are active simultaneously, then the total battery
supply for t is decreasingtwo times faster. Therefore, a
good strategy is to minimize the energy-consumption
rate for energy-poor targets while allowing higher en-
ergy consumption for sensorswith higher total supply.

Let sink be a target t which is poorest for at least
onesensorcovering t. For sinks, oneshould usea single
covering sensorand such sensoris better to be the rich-
est in batteries since the intuition behind LBP (keep
more sensorsalive) is still valid. Thus the o�-rule for
DEEPS switcheso� poorer sensorscovering a sink un-
til a single left sensor (preferably the richest one) is
switched on basedon the same(as in LBP) on-rule.

A simple application of the rule above (i.e., switch
o� a poor sensorcovering a sink) may result in loosing
reliabilit y requirement (seeFigure 2 and the caption).
The abandonedtarget is a hil l, i.e., a target which is
not the poorest for any of covering sensors.
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Figure 2. 3 lower sensors (circles) have 3 batteries
each and the 3 uppers sensors have 2 batteries each.
Therefore, 3 lower targets (rectangles) are sinks with
5 batteries each. The upper hill target will be aban-
doned if all three upper sensors will be switched o� si-
multaneously.

In order to restore reliabilit y it is necessaryto place
in chargeof each target t at leastonesensor.The sensor
in chargeof t should not switch o� unlessit learns that
another switched-onsensorcoversit. The following two
rulesdeterminewhich sensorshouldbe in chargeof tar-
get t:

(i) If target t is a sink, then the richest amongsensors
for which t is the poorest is placed in charge of t.

(ii) If target t is a hill then the sensor s covering t
whose poorest target is the richest over all sen-
sors covering t, is placed in charge of t. If there
are several such sensors,i.e., several sensorswith
the same poorest target, then the richest among
them is placed in charge of t.

Consider the example in Figure 2. Assumethat the
breaking-tie rule decidesthat the leftmost target is the
richest among 3 lower targets. Then according to the
rule (ii), the leftmost sensorwith 2 batteries will be
placed in charge of the topmost hill target and will
turn itself on after two other 2-battery sensorswill turn
themselveso�.

We are ready now to describe DEEPS. Sensorshave
the samestates (on, o� and alert) in as in LBP. The
on-rule is the sameas for LBP, but the o�-rule is dif-
ferent. For any sensor,in order to learn for which tar-
gets it is in charge of, it is necessaryto know the bat-
tery supply of all the targets of the neighbors. This
can be achieved either by two broadcaststo the neigh-
bors or simply by increasing communication range to
4 times of the sensingrange. In our simulations we in-
creasedthe range.

(1) (on-rule) whenever a sensors hasa target covered
solely by itself (no alert- or on-sensorcovers it), s
switchesitself on, i.e., changesits state to "on".



(2) (o�-rule ) whenever a sensors is not in charge of
any target except those already covered by on-
sensors,s switches itself o�, i.e., changesits state
to "o�".

DEEPS schedulefor the examplein Figure 1 almost
matchesthe optimum schedule.Only the �rst shift will
make the both 1000-battery sensorsbe active simulta-
neously. After that the top target becomesthe sink and
will be monitored only by one of the 1000-battery sen-
sorsat a time.

During each global reshu�e, each sensor�rst broad-
casts to 2-neighbors (i.e., neighbors of neighbors) its
targets and battery supply and in the secondbroad-
cast tells if it switcheson or o�.
Theorem 3 DEEPS is a reliable protocol. Each
global reshu�e of DEEPS needs 2 broadcasts (to the 2-
neighbors) from eachsensorandtheresulted setof all ac-
tive sensorsform a minimal sensorcover.
Pro of. Reliabilit y of DEEPS simply follows from
the fact that each target has a sensor which is in
charge of that target. The transition on-rule guaran-
tees that the resulted sensorcover is minimal { each
sensors has a target covered only by s.

Wenow show that at somepoint all alert sensorswill
switch on or o�. Indeed, considera moment when each
target is covered by at least two sensors(otherwise,
one of the sensorsshould switch itself on by on-rule).
Let t be the globally poorest target amongnot yet cov-
ered by on-sensorsand s be the poorest sensorcover-
ing t. We will show that s is not in charge of any tar-
get and by o�-rule should switch itself o�. Indeed, s is
not in charge of its poorest target t since there should
be at least one more sensor covering t and the rich-
est among sensorscovering t will be in charge of t by
rule (i). Also s is not in charge of any hill h sinceh is
also covered by another sensors0; either poorest tar-
get of s0 is richer than t or s0 also covers t but is richer
than s { in the both casesby rule (ii) there is a sen-
sor in charge of h which is di�eren t from s.

5. NS2 Simulations

For our simulations we have used the network sim-
ulator NS2 (version2.26). The protocol LEA CH[4] has
been used for delivering data packets sensorsto the
baseaswell as for establishing sensorclusters. Our en-
ergy consumption model usesthe following constants:
transmitting energyis 0:005·d2.45(J/bit), energyfor re-
ceiving 3·10� 6(J/bit), sensingenergyis 5·10� 6(J/bit),
idle energyconsumption is 10� 3(W), energyconsump-
tion for listening is 0:01(W), the receiving threshold
is 10� 9(W), successthreshold is 6 · 10� 9(W), aggrega-
tion energy(per sensor/per packet) is 10� 7(J/bit). We

have simulated the following scenarios:Area-1, Area-3
and Target-3.
Area-1. 10,000targets and 100 sensorsare placed uni-
formly at random in the square 100m×100m with
the left-bottom corner at (0,0). Base coordinates are
(75,150)and sensingradius is 10m. Communication ra-
dius for data packetstransfer is 
exible and is chosenby
LEA CH protocol. Communication radius for DEEPS
and LBP control messagesis equalto two and four sens-
ing radiusesrespectively. The initial energyof each sen-
sor is either randomly chosenbetween2J and 4J or the
same (4J) for all sensors.Sensorsmonitor their tar-
gets continuously and send the data packets accord-
ing to the TDMA scheduler determined by LEA CH for
each cluster. The sizeof data packet is proportional to
sensingtime.
Area-3 { sameasArea-1 but all targets coveredby less
than 3 sensorsare dropped.
Target-3 { sameas area Area-3 but the number of tar-
gets is 100.

We have implemented 4 protocols: DEEPS, LBP,
1-DEEPS (which is a version of DEEPS with a sin-
gle global reshu�e and local reshu�es when nodesrun
out of energy), and EUPS - Energy Unaware Protocol
for Sensing(all sensorscontinuously monitor all tar-
gets).

Figure 3 gives results for the scenarioArea-1 with
uniform initial energy for all sensors.It is easy to see
that DEEPS wins in all 4 metrics: it haslesssensorsac-
tiv e, it coversfor longer time the larger portion of mon-
itored area, its sensorsare alive for longer time and its
spends lesstotal energy.

The similar advantage of DEEPS is also true for
the casewhen the initial battery supply for each sen-
sor is di�eren t (the energy is randomly distributed be-
tween 2J and 4J, results are not presented). For sce-
narios Area-3 and Target-3 DEEPS demonstrateseven
greater advantages comparative to results for Area-1
scenario(resultsare not presented).

Finally, we explored possibilities of varying reshu�e
schedule for DEEPS and LBP protocols respectively.
We found that for LBP protocol it is better to keepa
certain uniform schedule while for DEEPS protocol it
is better to increasethe period betweenschedulesfrom
one period to another.

6. Conclusions

In this paper, we have formulated a more realis-
tic Maximum SensorNetwork Life Problem and sug-
gesteddistributed algorithm for solving this problem.
The distributed algorithms were tested by NS2 sim-
ulations with the LEA CH[4] communication protocol.
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Figure 3. Numb er of active sensors, the percent of covered area, the percent of alive sensors and the total spent energy
with respect to simulation time for Area-1 scenario with the initial energy of 4J for each sensor.

The proposed protocol DEEPS is shown to be supe-
rior to the previous monitoring schedulers.
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