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The dynamic point coverage problem in wireless sensor networks is to detect some moving
target points in the area of the network using as few sensor nodes as possible. One way to
deal with this problem is to schedule sensor nodes in such a way that a node is activated
only at the times a target point is in its sensing region. In this paper we propose SALA, a
scheduling algorithm based on learning automata, to deal with the problem of dynamic
point coverage. In SALA each node in the network is equipped with a set of learning auto-
mata. The learning automata residing in each node try to learn the maximum sleep dura-
tion for the node in such a way that the detection rate of target points by the node does not
degrade dramatically. This is done using the information obtained about the movement
patterns of target points while passing throughout the sensing region of the nodes. We con-
sider two types of target points; events and moving objects. Events are assumed to occur
periodically or based on a Poisson distribution and moving objects are assumed to have a
static movement path which is repeated periodically with a randomly selected velocity. In
order to show the performance of SALA, some experiments have been conducted. The
experimental results show that SALA outperforms the existing methods such as LEACH,
GAF, PEAS and PW in terms of energy consumption.

� 2010 Elsevier B.V. All rights reserved.
1. Introduction

One major problem in the area of sensor networks is the
coverage problem. This problem deals with the ability of
the network to cover a certain area or some certain events.
Coverage problem is classified into three different types
[1]:

� Area coverage: covering (monitoring) the whole area of
the network is the main objective of area coverage
problem.
� Point coverage: the objective of point coverage problem

is to cover a set of stationary or moving points.
. All rights reserved.
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� Barrier coverage: barrier coverage can be considered as
the coverage with the goal of minimizing the probabil-
ity of undetected penetration through the barrier (sen-
sor network).

In this paper, we focus on the problem of point cover-
age. A common definition of this problem is to cover (mon-
itor) some stationary or moving target points in the area of
sensor network using as few sensor nodes as possible [1].
This problem can be addressed in different ways. One
way is to design a deployment strategy which can best ad-
dress the criterion of minimum number of required nodes
[2–7]. This is an inflexible solution which cannot deal with
topology changes, commonly occuring in sensor networks
due to high probability of sensor failures. Another more
flexible solution to the point coverage problem is to
dynamically rearrange nodes assuming they have moving
ability [8–12]. In this approach, nodes are first deployed
ng automata based scheduling solution to the dynamic point cov-
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randomly around the target points. After this initial ran-
dom positioning, each node tries to find its best position
using the position information of the target points and its
surrounding nodes. Using this approach, dynamic changes
in the topology of the network or position of the targets
can be adaptively addressed. One major problem with this
solution is the high overhead of controlling packets which
are required to control the position of each node according
to the position of its neighbors. This can lead to fast energy
exhaustion of nodes, and hence shortening the lifetime of
the network. Many researchers try to overcome the point
coverage problem by designing a suitable sleep-scheduling
(or simply scheduling) mechanism for nodes in such a way
that in each period of time, only nodes which can sense the
target points in that period are awakened [13–20]. In terms
of dynamicity, this solution can deal with changes that oc-
cur in the topology of the network and position of target
points using a dynamic scheduling mechanism. In terms
of energy consumption, this method best fits the sensor
networks, since in each period of time, only nodes which
can sense the target points in that period are awakened,
and rest of the nodes are asleep, saving their energy.

Sleep-scheduling can be performed using a centralized
or a decentralized approach. Centralized scheduling algo-
rithms are suitable only for stationary targets or moving
targets with known and static movement patterns. For tar-
gets with unknown and dynamically changing movement
patterns, decentralized scheduling algorithms which are
flexible enough to adapt themselves to these changes are
required. In these decentralized scheduling schemes, usu-
ally some of the nodes having higher residual energy are
awakened all of the times, monitoring the whole area for
detecting target points. Whenever a target point is de-
tected, awakened nodes track the target and estimate its
movement path. Based on this estimation, awakened nodes
activate the sleeping nodes in their vicinity which will be
probably on the movement path of the target. Activating
neighbor nodes is performed using some sort of notifica-
tion messages. This mechanism has two major drawbacks;
one is the overhead of the notification messages and the
other is that sleeping nodes should have the ability to re-
ceive messages, and hence they cannot power off their
receiving antenna. This means that a sleeping node can
only switch off its processing unit, but its communicating
unit must be in idle state, waiting for notification mes-
sages. According to [21], energy consumption of a sensor
node in receiving and idle states is nearly equal to the en-
ergy consumed during transmission state. As the energy
consumed by a processing unit is in the order of .001 of
the energy consumed by a communicating unit, it is con-
cluded that using these scheduling mechanisms, not so
much energy saving can be gained in sleeping nodes and
hence, the network lifetime is not prolonged too much.

To overcome the above drawbacks, in this paper a novel
scheduling algorithm based on learning automata called
SALA is proposed to deal with the problem of dynamic
point coverage. In SALA, no notification messages are
required to be exchanged between nodes and as a conse-
quence, sleeping nodes can switch off their communicating
units as well as their processing units, saving more energy
and hence prolonging the network lifetime. In this
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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algorithm each node in the network is equipped with a
set of learning automata which try to learn the proper
times for sleeping and awakening of that node (schedule)
based on the movement patterns of the target points pass-
ing throughout the sensing region of the node. We consider
two types of target points; events and moving objects.
Events are assumed to occur periodically or based on a
Poisson distribution and moving objects are assumed to
have a static movement path which is repeated periodi-
cally with a randomly selected velocity. Experimental re-
sults show that SALA outperforms the existing methods
such as LEACH1 [29], GAF2 [39], PEAS3 [65] and PW4 [15]
in terms of energy consumption.

The rest of this paper is organized as follows. Section 2
gives a brief literature overview. Learning automata as a
basic learning strategy used in SALA will be discussed in
Section 3. The problem statement is given in Section 4. In
Section 5 the proposed algorithm is presented. Simulation
results are given in Section 6. Section 7 is the conclusion.

2. Related work

Scheduling algorithms can be classified into three cate-
gories; MAC layer algorithms, routing layer algorithms and
application layer algorithms. Application layer algorithms
can be further classified into grid-based algorithms, cover-
age-related algorithms and tracking-based algorithms.

2.1. MAC Layer scheduling algorithms

In this category of algorithms, scheduling is performed
in the MAC layer [31–38,96–100]. Usually, this is done by
allocating a slot for one node per neighborhood uniquely.
This collision-free slot is used by that node for transmis-
sions to any or all of its neighbors. Thus two nodes cannot
be assigned the same slot if one station is within the range
of the others, or if two stations have common neighbors. A
common approach for allocating such collision-free slots is
to use duty cycles. A duty cycle consists of an active sec-
tion, in which the transceiver is powered on, and a sleep
section, in which the transceiver is powered off. The objec-
tive of these algorithms is to allow communication without
interference, while maximizing the number of parallel
transmissions. Learning schemes are used in a number of
MAC layer scheduling algorithms [97–100] to dynamically
and adaptively adjust the length of the duty cycles of dif-
ferent sensor nodes.

2.2. Routing layer scheduling algorithms

This category of scheduling algorithms relates to the
hierarchical routing [23–30,101,102]. In hierarchical rout-
ing algorithms, usually a number of clusters are formed
in the network, each having one node as cluster head. Rests
of the nodes in each cluster are called cluster members.
Cluster members must send their readings to their cluster
ng automata based scheduling solution to the dynamic point cov-
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Fig. 1. Relationship between learning automata and its environment.
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heads, therefore, cluster heads schedule the sending time
of their members to prevent intra-cluster collisions. This
way, a cluster member needs to be activated only at its
scheduled sending times. Machine learning schemes can
be used in cluster heads for selecting members adaptively
based on their traffic rates [101,102].

2.3. Grid-based scheduling algorithms

In this category of scheduling algorithms [39–48], usu-
ally the network is partitioned into rectangular or hexago-
nal grids. Only one node is scheduled to be active in each
grid at any time, to monitor that grid and to relay the data
from other grids. Grid dimensions are calculated in such a
way that a node residing within a grid can monitor the
whole area of that grid and communicate with all nodes
that reside in its neighboring grids.

2.4. Coverage-based scheduling algorithms

This category of scheduling algorithms, deals with the
problem of covering (monitoring) either the entire area
of the network or some target points (stationary or mov-
ing) in the area of the network using as little sensor nodes
as possible [1]. Usually, a minimum number of nodes are
selected to be active and monitor the area or the target
points while the rests of the nodes are inactive and save
energy. The node selection is repeated periodically or
based on a certain schedule to allow balance energy con-
sumption of all nodes. A number of centralized [4–6,49–
53] and decentralized [7,25,52–68,103] methods are given
in the literature for addressing this problem. In centralized
methods, by assuming that the sink node has the topology
information of the network, usually the problem is solved
optimally using a linear integer programming approach
or sub-optimally using a heuristic approach. In distributed
methods, each node locally and periodically checks
whether it is necessary for it to be active or not. It is nec-
essary for a node to be active only if the sensing region
of the node cannot be covered completely by its neighbors.
Necessity for becoming an active node can be determined
using a learning scheme [103].

2.5. Tracking-based scheduling algorithms

The last category of scheduling algorithms is tracking-
based algorithms. These scheduling algorithms are used
to address the tracking problem in which a number of tar-
gets are moving throughout the network and the objective
of the network is to monitor the movement path of these
targets. Since at any instance of time, only a fraction of
the nodes are able to monitor a moving target, rest of the
nodes can be inactive and save their energy. In these algo-
rithms [15,69–79,104–106], usually the nodes which are
currently monitoring the targets predict the movement
path of the targets in some way. Based on this prediction,
a subset of currently inactive nodes which are more prob-
able to be able to monitor the moving targets in near future
are scheduled to be activated. Activation is performed
using some sort of notification messages. Note that these
methods assume that inactive nodes have the ability to
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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receive notification messages. To the best of our knowl-
edge, the only usage of machine learning schemes in target
tracking applications is in predicting the future positions of
targets [104–106].

3. Learning automata

Learning automata is an abstract model which ran-
domly selects one action out of its finite set of actions
and performs it on a random environment. Environment
then evaluates the selected action and responds to the
automata with a reinforcement signal. Based on selected
action, and received signal, the automata updates its inter-
nal state and selects its next action. Fig. 1 depicts the rela-
tionship between an automaton and its environment.

Environment can be defined by the triple E = (a,b,c)
where a = {a1,a2, . . . ,ar} represents a finite input set,
b = {b1,b2, . . . ,br} represents the output set, and
c = {c1,c2, . . . ,cr} is a set of penalty probabilities, where each
element ci of c corresponds to one input of action ai. An
environment in which b can take only binary values 0 or
1 is referred to as P-model environment. A further general-
ization of the environment allows finite output sets with
more than two elements that take values in the interval
[0,1]. Such an environment is referred to as Q-model. Fi-
nally, when the output of the environment is a continuous
random variable which assumes values in the interval
[0,1], it is referred to as an S-model. Learning automata
are classified into fixed-structure stochastic, and variable-
structure stochastic. In the following, we consider only var-
iable-structure automata.

A variable-structure automaton is defined by the qua-
druple (a,b,p,T) in which a = {a1,a2 , . . . ,ar} represents
the action set of the automata, b = {b1,b2, . . . ,br} represents
the input set, p = {p1,p2, . . . ,pr} represents the action prob-
ability set, and finally p(n + 1) = T(a(n),b(n),p(n)) repre-
sents the learning algorithm. This automaton operates as
follows. Based on the action probability set p, automaton
randomly selects an action ai, and performs it on the envi-
ronment. After receiving the environment’s reinforcement
signal, automaton updates its action probability set based
on Eq. (1) for favorable responses, and Eq. (2) for unfavor-
able ones

piðnþ 1Þ ¼ piðnÞ þ a � ð1� piðnÞÞ;
pjðnþ 1Þ ¼ pjðnÞ � a � pjðnÞ; 8j j – i;

ð1Þ

piðnþ 1Þ ¼ ð1� bÞ � piðnÞ;

pjðnþ 1Þ ¼ b
r � 1

þ ð1� bÞpjðnÞ; 8j j – i:
ð2Þ
ng automata based scheduling solution to the dynamic point cov-
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Learning automata is a stochastic model operating in
the framework of reinforcement learning [10]. Reinforce-
ment learning or learning with a critic is a framework of
learning problems in which the teacher or the environ-
ment does not indicate the correct action, but provides
only a scalar evaluative response to the selection of an ac-
tion by the learner. Learning automata can be classified un-
der the reinforcement learning schemes in the category of
temporal-difference (TD) learning methods. TD learning is
a combination of Monte Carlo ideas and dynamic program-
ming ideas. Like Monte Carlo methods, TD methods can
learn directly from raw experience without a model of
the environment’s dynamics. Like dynamic programming,
TD methods update estimates based in part on other
learned estimates, without waiting for a final outcome
[109]. Sarsa [110], Q-learning [111], Actor-Critic methods
[112] and R-learning [113] are other samples of TD meth-
ods. Learning automata differs from other TD methods in
the following two ways: (1) the representation of the inter-
nal states (a set of action probabilities) and (2) the updat-
ing method of the internal states (Eqs. (1) and (2)).

Learning automata has found applications in parameter
optimization, statistical decision making, telephone rout-
ing, pattern recognition, game playing, natural language
processing, modeling biological learning systems and ob-
ject partitioning [108]. Furthermore, learning automata is
proved to perform well in the dynamic environments of
computer networks. It is used in wireless networks for
adaptive rate control [80,81], bandwidth control [82–84]
and designing reliable transport layer protocol (Learning-
TCP) [85]. Learning automata is also used in cellular radio
networks to dynamically adjusting the number of guard
channels [86–88]. Recently, a few attempts are made for
applying learning automata to sensor networks for mobi-
cast routing [89] and clustering [90].
4. Problem statement

In this section, we first give a sample application and
then give the formal definition of the problem.
4.1. Sample applications

A trial wireless sensor network which is going to be
tested in San Francisco is a sensor network that announces
which of the parking spaces of the city is free at any
moment [91]. This network uses a wireless sensor embed-
ded in a 4-inch-by-4-inch piece of plastic, fastened to the
pavement adjacent to each parking space. In this applica-
tion, each sensor node has to monitor its parking space
and reports the free times of the parking space to a local
base station. The local base station then prepares the infor-
mation of free parking spaces for drivers passing the area
and requesting such information. From the viewpoint of
the sensor network, cars coming into the parking spaces
and getting out of them are moving target points which
must be monitored. If a sensor node is able to switch peri-
odically between active and sleep operation modes, it will
have a longer lifetime than if it always remains in the
active operation mode. Therefore, each node can utilize a
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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local scheduling scheme for switching its operation mode
between sleep and active modes. However this makes it
possible for a driver to be mistakenly guided to a node’s
parking space, while it is occupied by another car. Such
incorrect guides are acceptable while their rate is below
an acceptable level.

As an alternative application, we can consider the hab-
itat monitoring [94] such as the one reported by the Col-
lege of Atlantic (COA) in the Great Duck Island for habitat
monitoring of 5000 pairs of petrels nesting on the island
[95]. To analyze the patterns of the organisms, the sensors
are deployed both in the organisms’ burrows as well as on
the surface surrounding the burrows to monitor the differ-
ences. In order to determine why petrels nest in specific
patches, data are gathered from both populated and
unpopulated petrel patches. In order to monitor an entire
field season (corresponding to a single petrel reproductive
cycle), the sensors mange their power in such a way that
they provide at least 7 months of continuous operation.
In such application, it is rational to sacrifice precision to
some degree in order to save more energy and prolong
the network lifetime.
4.2. Formal definition of the problem

Consider a sensor network with N sensor nodes s1,
s2, . . . ,sN which are scattered randomly throughout a large
L � L rectangular field (X) in such a way that X is com-
pletely covered. All sensor nodes have the same sensing
range of r. Each sensor node sk has four different modes
of operation [93] as follows:

� On-duty (SACA): both sensing and communicating units
are switched on referred to as active mode.
� Sensing Unit On-duty (SACS): the sensing unit is

switched on, but the communicating unit is switched
off.
� Communicating Unit On-duty (SSCA): the communi-

cating unit is switched on, but the sensing unit is
switched off.
� Off-duty (SSCS): both sensing and communicating units

are switched off referred to as sleep mode.

Note that in SACA, SACS, SSCA and SSCS, index A stands for
active and index S stands for sleep. For further simplicity in
notation, we use index x in the above notations to refer to
more than one operation mode, i.e. SACx refers to both SACA

and SACS modes, and SxCx refers to all four modes of opera-
tion. At any instance of time, a sensor node can be only in
one of the above 4 operation modes. The operation mode of
a sensor sk at time instant t is denoted by Osk

ðtÞ.
Let TP be a finite set of target points residing in X. TP is

divided into two disjoint sets; Moving objects (TPM) and
Events (TPE). A target point tpM

i 2 TPMis a moving object
which has a continuous movement trajectory. We assume
that the movement path of a target point tpM

i is fixed
throughout the lifetime of the network and repeated every
Te seconds, but the velocity of tpM

i may change over time.
On the other hand, a target point tpE

i 2 TPE is an event
which occurs somewhere in X repeatedly every Te seconds
ng automata based scheduling solution to the dynamic point cov-
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or randomly following a Poisson distribution and lasts for a
short static or random duration.

Every Te seconds is called an epoch (Ep). Each Epn starts
at sS

Epn ¼ ðn� 1Þ � Te;n ¼ 1;2; . . . Each epoch Epn is further
divided into NR rounds (R) all having equal durations (sR).
We refer to the mth round of epoch Epn by Rm,n and to
the mth round of all epochs by Rm. Rm,n starts at
sS

Rm;n ¼ sS
Epn þ ðm� 1Þ � sR and lasts for sR. Since usually peo-

ple have a repetitive movement paths in their day to day
lives (from home to work in the morning-from work to
home in the evening), in the sample application, every
24 h can be considered as one epoch. Furthermore, as the
traffic pattern of a city changes in different hours of a
day (and hence, occupancy rate of parking spaces differs
in different hours), each hour of a day can be considered
as one round.

We denote the Euclidean distance between a sensor
node sk located at (x(sk),y(sk)) and a target point tpi

located at (x(tpk),y(tpk)) as d(sk, tpi), i.e. dðsk; tpiÞ ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxðskÞ � xðtpiÞÞ

2 þ ðyðskÞ � yðtpiÞÞ
2

q
.

Assuming the binary sensing model [22] and sensing
range of r for all sensor nodes in the network, we say a tar-
get point tpi 2 TP is sensed, detected or monitored by a sen-
sor node sk at time t if and only if d(sk, tpi) < r and
Osk
ðtÞ ¼ SACx. The network detects a target point tpi 2 TP

at time t if and only if at least one of the sensor nodes of
the network detects tpi at time t.

Definition 1. Network lifetime (T) gives the first point in
time when X is not further completely covered by the
network.

It should be mentioned that this definition of the
network lifetime coincides with the total network lifetime
metric given in [107] where the utilized criterion function
(w**) for network liveliness is area coverage and the length
of the time interval during which the criterion must be
satisfied ðDty

��Þ is set to zero.
Definition 2. Activation time of a target point tpi 2 TP
denoted by stpi

is the summation of all the times during
which tpi can be detected by the network.
Definition 3. Activation time of a sensor node sk denoted
by ssk

is the summation of all the times during which the
sensor is in SACx operation mode; that is Osk

ðtÞ ¼ SACx.
Definition 4. Detection time of a target point tpi 2 TP
denoted by sd

tpi
is the summation of all the times during

which tpi is detected by the network.
Definition 5. Detection time of a target point tpi 2 TP by a
sensor node sk denoted by ssk ;tpi

is the summation of all the
times during which tpi is detected by sk.
Definition 6. Network detection rate denoted by gD is the
rate of the target detection in the network and is defined
according to Eq. (3). Network detection rate in a single
round Rm,n is referred to as gm;n

D

Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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gD ¼
P

tpi2TPsd
tpiP

tpi2TPstpi

: ð3Þ
Definition 7. Network sleep rate denoted by gS is defined
as the ratio of the times during which nodes of the net-
work are in sleep mode to the times during which they
can be in sleep mode. gS is defined according to Eq. (4).
Network sleep rate in a single round Rm,n is referred to
as gm;n

S

gS ¼

P
sk

T�ssk

T�
P

tpi2TP
ssk ;tpi

 !
N

: ð4Þ
The objective of the network is to detect the target

points and report their location to a central node called
sink. We assume that the network is clustered. Cluster
heads are powerful and rechargeable nodes which are
always in active mode. Each node can directly communi-
cate with its cluster head and cluster heads form an infra-
structure through which network data can be sent to the
sink.

To prolong the network lifetime, a node will switch to
the SxCA operation mode only if it wants to communicate
with its cluster head; otherwise, the communication unit
of the node will be switched off. The sensing unit of a sen-
sor node has to be switched on only if a target point is in its
sensing range, but since nodes have no knowledge about
the movement patterns of target points, they cannot calcu-
late the exact times for switching their sensing units on or
off. Decision on switching from SACx to SSCx is quite simple;
if no target point can be detected by the node, it turns off
its sensing unit. For turning the sensing unit on, each node
needs to know the time at which a target point enters its
sensing region. Since this time is not known by a node, it
instead uses a local scheduler which determines a duration
after which the node must wake up. The node is informed
of this duration before it goes to sleep. The local scheduling
or simply scheduling of a sensor node sk ðDsk

Þ is defined as
follows.

Definition 8. The scheduling of a sensor node sk in epoch
Epn is denoted by the ordered list Dn

sk
¼ hT1;n

SleepðskÞ; T2;n
SleepðskÞ;

. . . ; TNR ;n
SleepðskÞi where Tm;n

SleepðskÞ specifies the sleep duration
(i.e. the duration of SSCx operation mode) for node sk in the
round Rm,n.

Having the above definitions and assumptions, the
problem is to locally learn the scheduling of each sensor
node sk using the movement patterns of target points dur-
ing the lifetime of the network such that the network sleep
rate (gS) is maximized while the network detection rate
(gD) does not drop below an acceptable level. In the rest
of this section, we give some definitions and a theorem
which will be used later in the paper. The proof of the the-
orem is given in the Appendix.

Definition 9. TPm;nðskÞ ¼ htpm;n
1 ðskÞ; tpm;n

2 ðskÞ; . . . ; tpm;n
last ðskÞi

is defined as list of target points which pass through the
sensing region of sensor node sk during round Rm,n ordered
according to their arrival times.
ng automata based scheduling solution to the dynamic point cov-
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Definition 10. sE
tpm;n

i
ðskÞ is defined as the time at which the

target point tpm;n
i ðskÞ enters into the sensing region of node sk.
Definition 11. sD
tpm;n

i
ðskÞ is defined as the time at which the

target point tpm;n
i ðskÞ exits from the sensing region of node sk.
Theorem 1. If for a sensor network we have that

� every node is activated at the beginning of any round,
� each node in the network immediately switches to the

sleep operation mode if it cannot sense any target point,
� the network detection rate is one (gD = 1),

then the energy consumption of the network is minimized if
and only if the sleeping duration of any node sk in any round
Rm;nðTm;n

sleepðskÞÞ is set to Tm;n
sleepðskÞ where

Tm;n
sleepðskÞ ¼ gcd

ðsE
tpm;n

1
ðskÞ � sS

Rm;n ðskÞÞ;

ðsE
tpm;n

2
ðskÞ � sD

tpm;n
1
ðskÞÞ; . . . ;

ðsE
tpm;n

last
ðskÞ � sD

tpm;n
last�1
ðskÞÞ

0BBB@
1CCCA; 8sk;m;n

ð5Þ

gcd is the greatest common divisor function.
5. SALA: a scheduling algorithm based on learning
automata

5.1. Algorithm outline

The purpose of SALA is to find NR different sleeping
durations for different Rm rounds. For this reason, each
node sk in the network is equipped with NR learning auto-
mata, LA1

k ; LA2
k ; . . . ; LANR

k . Learning automaton LAm
k gets acti-

vated during Rm rounds to help node sk learn its proper
sleeping duration during these rounds ðTm

sleepðskÞÞ.
At the beginning of each round Rm,n (mth round of the

nth epoch), all nodes are in active operation mode; that
is Osk

ðtÞ ¼ SACA. The round is started asynchronously in
each node sk by activating its learning automaton LAm

k .
Learning automation LAm

k upon its activation, selects a
sleeping duration for node sk ðTm

sleepðskÞÞ to be used during
that round. During round Rm,n, if node sk senses any target
point which passes through its sensing region, it collects
information about this target point and sends collected
data to the local base station. In addition, node sk logs
the entrance and exit times of this target point in its local
database. During round Rm,n, whenever node sk cannot
sense any target point, it switches immediately to sleep
operation mode (SSCS) and stays in this mode for the dura-
tion of Tm

sleepðskÞ. At the end of the round Rm,n, node sk uses
its local database to evaluate the suitability of the selected
sleeping duration ðTm

sleepðskÞÞ. The result of this evaluation is
then given to learning automaton LAm

k as the reinforcement
signal generated by the environment. This way learning
automaton LAm

k gradually learns the best sleeping duration
for node sk during Rm rounds.

5.2. Detailed description

Each learning automaton has three actions; Extending,
Shrinking and No change which we call a1,a2 and a3,
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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respectively, and refer to the probabilities of selecting each
as p1, p2 and p3. Node sk extends (shrinks) its sleeping
duration Tm

sleepðskÞ if learning automaton LAm
k selects Extend-

ing (Shrinking) and does not change Tm
sleepðskÞ if learning

automaton LAm
k selects No change.

At the beginning of the algorithm we have Tm;0
sleepðskÞ ¼

MinSleepDuration;8Rm;8sk; p1 ¼ :8 and p2 = p3 = .1. Min-
SleepDuration is the minimum allowable sleep time for
the sensing unit of a node. Since Tm;0

sleepðskÞ is set to MinSleep-
Duration at the beginning of the algorithm, we set p1 to a
higher value than p2 and p3 in order to allow Tm

sleepðskÞ get-
ting close to its proper value more quickly.

Each round Rm,n is started asynchronously in each
node sk by activation of its learning automaton LAm

k . At
the startup of the round, node sk uses its learning autom-
aton LAm

k to select its sleeping duration (more details on
this step will be given in Section 5.2.1) for the current
round ðTm;n

sleepðskÞÞ. Node sk then enters a loop during
which it checks if it can detect any target, and if so, sk

starts reporting its information to the local base station.
Whenever no target can be detected, sk goes to sleep
operation mode for the duration of Tm;n

sleepðskÞ seconds.
After the sleep duration, sk continues the loop from its
beginning, i.e. checking for the presence of any target.
The loop continues for the whole duration of the current
round at the end of which sk computes and sends the
reinforcement signal (more details on this step will be
given in Section 5.2.2) to the LAm

k . The above procedure
then repeats for the next round. Fig. 2 gives the pseudo
code for the SALA algorithm executed by node sk during
the round Rm,n.

The following subsections provide details for how to
use LAm

k to select Tm;n
sleepðskÞ at the startup of the Rm,n round

and how to compute the reinforcement signal for LAm
k at

the end of the Rm,n round.
5.2.1. Selecting the sleeping duration
As we stated before, at the beginning of each round Rm,n,

each node sk uses its learning automaton LAm
k to select its

sleeping duration for that round ðTm;n
sleepðskÞÞ. This is done

as follows. Learning automaton LAm
k selects one of its ac-

tions randomly based on its action probability vector. We
refer to the selected action as â. If the selected action ðâÞ
is Extending, then current sleeping duration is extended
by a predetermined constant value (ExtendValue). If â is
Shrinking, then current sleeping duration is shrunk by a
predetermined constant value (ShrinkValue). Otherwise,
sleeping duration remains unchanged. More attention
must also be paid not to extend or shrink the sleeping
duration beyond the predetermined range [MinSleepDura-
tion,MaxSleepDuration]. Fig. 3 gives the procedure of selec-
tion of the sleeping duration for round Rm,n executed by
node sk.

The above procedure is used at the beginning of Rm,n

round to select the sleeping duration of node sk for the
round Rm;nðTm;n

sleepðskÞÞ. Tm;n
sleepðskÞ will also be changed at

the end of Rm,n round according to the movement pat-
terns of the target points passed through the sensing re-
gion of sk in that round. This is described in the next
section.
ng automata based scheduling solution to the dynamic point cov-
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Fig. 2. Pseudo code for the SALA algorithm executed by node sk during the round Rm,n.
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5.2.2. Computing the reinforcement signal
Theorem 1 states that the best sleeping duration in

terms of energy consumption and network detection rate
for node sk during round Rm,n is Tm;n

sleepðskÞ. This implies that
the reinforcement signal to the learning automaton of node
sk better be computed based on Tm;n

sleepðskÞ. But since the exact

value of Tm;n
sleepðskÞ cannot be computed during the operation

of the network (because sE
tpm;n

i
ðskÞ is not known to sk) we in-

stead use an estimate of Tm;n
sleepðskÞðbT m;n

sleepðskÞÞ by recording the
times at which target points enter and exit the sensing re-
gion of the node sk (steps 5–1 and 5–5 of the SALA pseudo

code). bT m;n

sleepðskÞ is computed at the end of the round Rm,n.

Using bT m;n

sleepðskÞ, the reinforcement signal for the learning
automaton of node sk is specified as follows:
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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� If the selected sleeping duration ðTm;n
sleepðskÞÞ is belowbT m;n

sleepðskÞ and the selected action of learning automaton
is Extending, then the reinforcement signal is to reward
the selected action.
� If the selected sleeping duration ðTm;n

sleepðskÞÞ is belowbT m;n

sleepðskÞ and the selected action of learning automaton
is Shrinking or No change, then the reinforcement signal
is to penalize the selected action.
� If the selected sleeping duration ðTm;n

sleepðskÞÞ is abovebT m;n

sleepðskÞ and the selected action of learning automaton
is Shrinking, then the reinforcement signal is to reward
the selected action.
� If the selected sleeping duration ðTm;n

sleepðskÞÞ is abovebT m;n

sleepðskÞ and the selected action of learning automaton
is Extending or No change, then the reinforcement signal
is to penalize the selected action.
ng automata based scheduling solution to the dynamic point cov-
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Fig. 3. Procedure of selection of sleeping duration for round Rm,n executed by node sk.
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� If the selected sleeping duration ðTm;n
sleepðskÞÞ is equal tobT m;n

sleepðskÞ and the selected action of learning automaton
is No change, then the reinforcement signal is to reward
the selected action.
� If the selected sleeping duration ðTm;n

sleepðskÞÞ is equal tobT m;n

sleepðskÞ and the selected action of learning automaton
is Extending or Shrinking, then the reinforcement signal
is to penalize the selected action.

At the end of round Rm,n, node sk modifies the sleeping
duration ðTm;n

sleepðskÞÞ according to the movement patterns
of the target points passed through its sensing region dur-
ing round Rm,n. This is done using the procedure specified
in Fig. 4.

In the above procedure, parameter c P 0 is a constant
which controls Tm;n

sleepðskÞ. As c increases the more energy
saving and lower detection rate are obtained (see experi-
ment 5).
Fig. 4. Modification made to sleeping duration of node sk at the end of
round Rm,n.

Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
erage problem in wireless sensor networks, Comput. Netw. (2010), doi
Fig. 5 gives the complete flowchart of the SALA
algorithm.
6. Experimental results

To evaluate the performance of SALA several experi-
ments have been conducted and the results are compared
with the results obtained for LEACH [29] from routing layer
algorithms, GAF [39] from grid-based algorithms, PEAS
[65] from coverage-related algorithms, Proactive Wakeup
based on PEAS (PW) [15] from tracking-based algorithms
and SALA in which Tm

sleepðskÞ ¼ 60 ðsÞ;m ¼ 1;2; . . . ;NR which
we call hereafter Periodic Sleep (PS). PS is an example of a
static scheduling algorithm. The reason for comparison of
LEACH with SALA is to demonstrate that for the problem
of dynamic point coverage using a simple algorithm like
LEACH, in which sensing devices of all sensor nodes are al-
ways active, is not efficient due to high energy overhead.
We have also compared GAF with SALA as an example of
a static scheduling algorithm to show that they are not
suitable for dynamic environments such as the one in the
dynamic point coverage problem. GAF algorithm has no
mechanism for predicting the movement paths of target
points to be used for scheduling the sensors.

Unless otherwise stated, the simulation environment is
a 100 m � 100 m area through which 100 sensor nodes
are scattered randomly. Sensing ranges (r) of sensor nodes
are assumed to be 15 m. For energy consumption of nodes,
we use the specifications of MEDUSA II sensor node given in
[21]. Based on this specification, the power consumption of
a node during the SACA, SACS, SSCA and SSCS operation modes
are 24.58 mW, 9.72 mW, 14.86 mW, 0.02 mW, respectively.
Energy required to switch a node from one operation mode
to another operation mode is assumed to be negligible.
ng automata based scheduling solution to the dynamic point cov-
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Fig. 5. Flowchart of the SALA algorithm.
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MinSleepDuration MaxSleepDuration, ExtendValue, Shrink-
Value, and c are set to 0 s, 600 s, 2 s, 2 s, and .01, respec-
tively. Learning parameters a and b are both set to .01.

In all experiments, following different types of moving
target points are considered to exist in the area of the
network:

– Constant Events: constant events have constant start
times and durations. At the startup of the simulation,
number of events is selected uniformly and randomly
from the range [1,200]. The start time of each event is
a constant which is uniformly and randomly selected
from the range [1,86,400] (number of seconds per day)
and the duration of each event is a constant which is uni-
formly and randomly selected from the range [60,900]
(at least 1 min and at most 15 min). Each event has a sta-
tic occurrence position which is selected uniformly and
randomly in X. Events are repeated with the same start
times and durations every epoch of the simulation.

– Noisy Events: noisy events are like constant events
except that the number of events, their start times
and their durations are affected in every epoch by a nor-
mally distributed random noise.

– Poisson Events: the occurrences of Poisson events fol-
low the Poisson distribution. To generate such events,
a number of Poisson random number generators
(selected uniformly and randomly from the range
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
erage problem in wireless sensor networks, Comput. Netw. (2010), doi
[1,100]) are used. Each Poisson random number gener-
ator separately generates events in a randomly selected
location in X.

- Straight Path Moving Objects: Each straight path mov-
ing object has a start position, stop position and a veloc-
ity. A straight path moving object starts from its start
position and moves directly towards its stop position
using its velocity. The start and stop positions are
selected uniformly and randomly in X and the velocity
is selected uniformly and randomly from the range
[0,MaxVelocity]. There are 24 straight path moving
objects each moves only in one of the rounds Rm,
m = 1,2, . . . ,NR and repeats its movement path in every
epoch.

– Complex Path Moving Objects: these target points are
like straight path moving objects except that they are
not moving from their start positions directly towards
their stop positions. Instead, each complex path moving
object has an ordered list of points h(xstart,ystart), (x1,y1),
(x2,y2), . . . , (xStop,yStop)i. A complex path moving object
starts from its start point and moves directly towards
(x1,y1) using its velocity. Whenever the target point
reaches (x1,y1), it changes its direction towards (x2,y2).
This movement continues until the target point reaches
its stop position. The number of intermediate points for
each moving object is selected randomly from the range
[1,5].
ng automata based scheduling solution to the dynamic point cov-
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All simulations have been implemented using J-Sim
simulator [92]. J-Sim is a java based simulator which is
Table 1
Parameters used for simulating different target points in experiment 1.

Target point Parameter Dist

Constant events Number of events Unif
Event start time Unif
Event duration Unif

Noisy events Number of events Norm
Event start time Norm
Event duration Norm

Poisson events k Pois
Event duration Con

Straight path moving objects MaxVelocity Unif
Complex path moving objects MaxVelocity Unif

Number of intermediate points Unif
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implemented on top of a component-based software archi-
tecture. Using this component-based architecture, new
ribution Value
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protocols and algorithms can be designed, implemented
and tested in the simulator without any changes to the rest
of the simulator’s codes. J-Sim simulator is written in java
and hence has a number of benefits: (1) it enables to sim-
ulate large scale networks, (2) simulating complex experi-
mental environments is easy in J-Sim, (3) it supports
simulation of heterogeneous networks with different kinds
of sensor nodes, (4) it is easy to add new battery models,
radio models, energy models and sensing models to
J-Sim, (5) implementation and debugging of new protocols
and algorithms in J-Sim can be performed within smart
java based IDEs, (6) simulations are platform-independent
and can be performed on different operating systems and
machines. J-Sim has been recently used as the network
simulator in many research projects [114–122].

All reported results are averaged over 50 runs. We have
used CSMA as the MAC layer protocol, free space model as
the propagation model, binary sensing model and Omni-
directional antenna.

6.1. Experiment 1

In this experiment, SALA is compared with GAF, LEACH,
PEAS, PW and PS algorithms in terms of network detection
rate (gD), network sleep rate (gS), network redundant ac-
tive rate (gR) defined by Eq. (6), mean energy consumption
of nodes, number of data packets sent by the network to
the sink node, number of data packets received at the sink
node, delivery rate and delivery delay of data packets at
the sink node

gR ¼

P
sk

ssk
�
P

tpi2TP
ssk ;tpi

T

� �
N

: ð6Þ

Table 1 gives the parameters used for simulating the
moving target points.

Figs. 6–13 give the results of comparison in terms of gD,
gS, gR, mean consumed energy of all nodes of the network,
number of data packets sent by the network to the sink
node, number of data packets received at the sink node,
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delivery rate and delivery delay of data packets at the sink
node, respectively. As it can be seen from Fig. 6, network
detection rate in SALA outperforms PEAS, GAF and PS,
and about 5% worse than the LEACH for which the network
detection rate is equal to 1. From this figure, it can also be
concluded that it takes about 20 epochs for the SALA
algorithm to stabilize its detection rate and learn the
movement patterns of target points. Note that in every
epoch of SALA algorithm, each learning automaton per-
forms one action and receives one feedback from the
environment.

Fig. 7 shows that for SALA the network sleep rate (gS) is
about 0.6 which is better than all the existing algorithms
except PS algorithm. The reason that SALA performs worse
than PS algorithm is that in PS all nodes are statically
scheduled to periodically sleep for 60(s). Of Course, as indi-
cated in Fig. 6, this results in a poor network detection rate
for PS.

Fig. 8 shows that the fraction of the times during which
nodes are in active mode and no target point is in their
15 17 19 21 23 25 27 29
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received at the sink node.
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Fig. 21. Network redundant active rate (gR).
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sensing region is about .35 on average for SALA which is
better than all the other methods except PS. This is again
due to the fact that in PS all nodes are statically scheduled
to periodically sleep for 60(s).

Fig. 9 shows that for SALA, the mean energy consump-
tion is lower than the mean energy consumption for all
the existing algorithms except for PS algorithm.

From the results given in Figs. 6–9 we can conclude
that the LEACH algorithm has the highest network
detection rate and energy consumption and PS algorithm
has the lowest network detection rate and energy con-
sumption among the above mentioned algorithms. High
network detection rate and energy consumption of
LEACH is due to the fact that in this algorithm, all sensor
nodes are always in active operation mode. Similarly,
low network detection rate and energy consumption of
PS algorithm is due to the fact that in this algorithm,
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

1 2 3 4 5 6 7 8 9 10 11 12 13 14 1

Time (

C
on

su
m

ed
 E

ne
rg

y 
(J

)

σ = 120
σ = 240
σ = 400
σ = 800

Fig. 26. Mean consumed

0.35

0.36

0.37

0.38

0.39

0.4

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Time 

Rη

Fig. 25. Network redunda

Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
erage problem in wireless sensor networks, Comput. Netw. (2010), doi
sensor nodes stay in sleep operation mode more often
than the other mentioned algorithms. From this we
may say that in order to obtain a higher network detec-
tion rate, more energy must be paid. GAF, PEAS and PW
algorithms are not always able to fully cover the entire
area and hence a network detection rate less than 1
may be experienced.

Fig. 10 shows that the number of data packets transmit-
ted by the sensor nodes in the network to the sink is highly
dependent on the network detection rate. Higher detection
rate means higher number of data packets transmitted to
the sink node. This is due to the fact that a data packet is
transmitted by a sensor to the sink when it detects a target
point. Note that the total number of packets transmitted to
the sink by the sensor nodes for PS algorithm is the highest
and for LEACH algorithm is the lowest as compared with
other algorithms.
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Fig. 11 shows the number of data packets received by
the sink node for different algorithms. Note that the behav-
iors of all the algorithms with respect to the number of
data packets received by the sink are similar. This is be-
cause of the fact that the data gathering process which in-
cludes sending data packets by the sensors to the local
base stations and then forwarding the received data pack-
ets by the local base stations to the sink node, for all algo-
rithms is the same.

Fig. 12 compares the number of data packets transmit-
ted and received within the network at the end of the sim-
ulation for different algorithms. As it can be seen from this
figure, number of data packets transmitted by the network
to the sink node in different algorithms is in agreement
with the network detection rates of these algorithms.
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Delivery rates of data packets at the sink node in differ-
ent algorithms are shown in Fig. 13. Again the behaviors of
all algorithms with respect to delivering data packets to
the sink node are almost the same. This is again because
of similar data gathering process used by all algorithms.

Finally, Fig. 14 shows the delivery delay of data packets
at the sink node for different algorithms. As it is seen, SALA
has almost the lowest delivery delay. The algorithms in the
decreasing order of their delivery delays are LEACH, PW,
PEAS, GAF, SALA and PS. Delivery delay for LEACH is high
because in LEACH a senor with a data packet has to delay
its data transmission until its scheduled time. Delivery
delays for PEAS and PW algorithms are high because of a
high number of controlling packets which needs to be
transmitted.
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6.2. Experiment 2

In this experiment we compare SALA with LEACH, GAF,
PEAS, PW and PS in terms of gD, gS, gR and mean consumed
energy for dense networks. The simulation settings of
experiment 1 are also used for this experiment except for
the number of sensor nodes which is set to 1000. Figs.
15–18 show the results of this experiment. The results
indicate that GAF, PEAS and PW outperform SALA. This is
because these algorithms unlike SALA use the operation
modes of neighbors of a node to schedule that node. In
dense networks, the average number of neighbors for a
node is higher and hence such algorithms schedule more
sensor nodes to be in sleep operation mode because of
the availability of more information about the environ-
ment of the sensor nodes.
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6.3. Experiment 3

This experiment is conducted to study the behavior of
SALA in comparison to LEACH, PEAS, PW and PS algorithms
in terms of gD, gS, gR and mean consumed energy for large
networks. The simulation settings of experiment 1 are also
used for this experiment except for the number of sensor
nodes which is set to 900 and the network area which is
a 300 m � 300 m rectangular area. Figs. 19–22 give the
simulation results of this experiment. From the results of
this experiment we can say that the number of nodes
and dimension of the network do not affect the perfor-
mance of SALA significantly. The reasons that the perfor-
mance does not vary significantly as these two
parameters change are (1) the network considered in this
paper is a clustered network with cluster heads as
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rechargeable nodes and (2) the algorithm executed in each
sensor node uses local information within the node’s
cluster.
6.4. Experiment 4

In this experiment, we study the effect of the noise level
in noisy events on the performance of SALA. For this
purpose, we change the standard deviation of the normally
distributed noise from 120 to 800. Figs. 23–26 show the re-
sults of this study. As it is shown, increasing the noise level
does not affect the performance of SALA substantially. The
robustness of SALA is because of two reasons: (1) utiliza-
tion of a learning mechanism for making SALA adaptable
to the environmental changes and (2) utilization of a con-
trolling mechanism by the learning mechanism in order to
have a controlled adaptation of the environmental
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changes. Controlled adaptation is achieved by proper
choices of MinSleepDuration and MaxSleepDuration
parameters.
6.5. Experiment 5

In this experiment, we evaluate the performance of
SALA when the mean number of Poisson events per round
(k) varies. Figs. 27–30 show the results of this experiment
when k varies from 1.5 to 10. It can be seen from these
figures that the performance of SALA does not depend sig-
nificantly on the value of k.
6.6. Experiment 6

This experiment is designed to evaluate the perfor-
mance of SALA when the MaxVelocity of moving objects
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varies. For this purpose, we change MaxVelocity from .1 to
2. Figs. 31–34 show the results in terms of network detec-
tion rate (gD), network sleep rate (gS), network redundant
active rate (gR) and the mean energy consumption of
nodes. As indicated by these figures, the changes in the
MaxVelocity do not affect the performance of SALA
significantly.

6.7. Experiment 7

This experiment is conducted to study the effect of the
parameter c on the performance of SALA. In this experi-
ment we use the target points of experiment 1. We also
let c varies in the range [0, .2]. Figs. 35–38 show the results
of this experiment in terms of network detection rate (gD),
network sleep rate (gS), network redundant active rate (gR)
and the mean energy consumption of nodes. From these
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figures we can conclude that (1) lower values of c results
in more network detection rate at the expense of more en-
ergy consumption, more redundant active times and less
sleep times and (2) higher values of c results in more en-
ergy saving in the network at the expense of poor network
detection rate.

Fig. 39 gives the network detection rate versus mean
energy consumption of nodes as c varies. As it can be seen
from this figure, changing c in the range [.01, .5] affects
both the network detection rate and the mean energy con-
sumption of the nodes. Changing c outside of this range
does not affect these two parameters significantly. To ex-
plain this phenomenon, we use the concept of sensitivity
of a node to c. A node is sensitive to c if changing in the va-
lue of c changes its detection rate and energy consumption.
From the algorithm, it is evident that a node sk is sensitive
to c if bT m;n

sleepðskÞ > MaxSleepDuration and c � bT m;n

sleepðskÞ >
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MinSleepDuration. Changing c out of [.01, .5] range, de-
creases the number of sensitive nodes. This is because
choosing large values for c results in bT m;n

sleep to be selected
equal to MaxSleepDuration and choosing small values for
c results in bT m;n

sleep to be selected equal to MinSleepDuration.
Decreasing the number of sensitive nodes causes the rate
of changes in the network detection rate and the mean en-
ergy consumption of nodes to decrease. For c = 0 or
c P MaxSleepDuration

MinSleepDuration, all nodes become insensitive to c which
causes the mean energy consumption of nodes and the
detection rate to remain fixed during the lifetime of the
network.

Fig. 40 compares SALA with LEACH, GAF, PEAS and PW in
terms of the network detection rate and the mean energy
consumption of nodes. This figure shows that there exists
a value for c(c = .001) below which SALA outperforms
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GAF, PEAS and PW in terms of network detection rate and
mean energy consumption of nodes. Comparing SALA with
LEACH in which nodes are always active, the proposed algo-
rithm reaches a network detection rate very near to that of
LEACH by consuming only about 9% of the energy con-
sumed by LEACH.

Determination of c for an application is very crucial and
is a matter of cost versus precision. For higher network
detection rate, higher price must be paid. For example, as
it is indicated in Fig. 40, for network detection rate to be
above 95%, each node must consume about 6.503(J) on
average during the lifetime of the network whereas to ob-
tain a network detection rate of about 85%, each node must
consume only about 1.981(J) on average. Reaching highest
precision which can be obtained by setting c to zero results
in maximum energy consumption by the network.
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6.8. Summary of results

In this study, we compared the performance of SALA
algorithm in terms of network detection rate and mean
consumed energy with LEACH, GAF, PEAS, PW and PS algo-
rithms. Comparisons were made for small, large, dense and
non-dense networks and showed that:

– In terms of mean consumed energy, SALA and PS algo-
rithms outperform almost all of the other algorithms
in any of the small, large, dense and non-dense net-
works. Of course, superiority of these two algorithms
over other algorithms in non-dense networks is signifi-
cantly higher than in dense networks. The only excep-
tion to this superiority is the mean consumed energy
of GAF algorithm in dense networks which is almost
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equal to that of SALA and PS algorithms. Note that PS
algorithm is a simple case of SALA algorithm in which
sleeping duration of any node during any round is equal
to MinSleepDuration.

– In terms of network detection rate, SALA and LEACH
algorithms are the only two algorithms that have robust
performance over networks of different sizes and densi-
ties. Network detection rates of GAF, PEAS, PW and PS
algorithms in non-dense networks are significantly
lower than in dense networks.

– There is a tradeoff between network detection rate and
mean consumed energy; for a higher network detection
rate, more energy must be consumed. SALA algorithm
unlike other algorithms has a parameter (c) for control-
ling this tradeoff. There exists a value for parameter
c(c = .001) below which SALA reaches a network detec-
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tion rate very near to that of LEACH and outperforms
GAF, PEAS, PW and PS. On the other hand, there exists
a value for parameter c (c = .1) above which SALA out-
performs LEACH, GAF, PEAS, PW and PS in terms of
mean consumed energy. In fact determination of c for
an application is very crucial and is a matter of cost ver-
sus precision.

Furthermore, a number of experiments conducted to
study the behavior of the SALA algorithm when parameters
of movement patterns of target points, such as the velocity
of moving targets and the frequency of occurrences of
Please cite this article in press as: M. Esnaashari, M.R. Meybodi, A learni
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events, change. These experiments showed that such
changes do not affect the performance of SALA algorithm
in terms of network detection rate and mean consumed
energy substantially. In other words, SALA algorithm is ro-
bust against changes in the parameters of the target points’
movement patterns.
7. Conclusion

In this paper, an algorithm based on learning automata
called SALA for the problem of detecting and monitoring a
ng automata based scheduling solution to the dynamic point cov-
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number of moving target points in an area by sensor net-
works was proposed. We dealt with this problem by
designing a dynamic scheduling strategy for activating
and deactivating nodes based on the movement patterns
of target points. Unlike other solutions to this problem in
which some sort of notification messages are used to acti-
vate sleep nodes, in SALA, no notification message is ex-
changed between sensor nodes and instead, each node
separately learns the best scheduling strategy using its
set of learning automata. Using this strategy, the nodes
do not wait for notification messages from their neighbors
which results in a large amount of energy saving.

The experimental results showed that there exists a va-
lue for parameter c(c = .001) below which SALA outper-
forms GAF, PEAS and PW, in terms of network detection
rate and mean energy consumption of nodes. The experi-
ments also showed that if c chosen properly SALA reaches
a network detection rate very near to that of LEACH, a
method in which nodes are always active, by consuming
only about 9% of the energy consumed by LEACH. In fact
determination of c for an application is very crucial and
is a matter of cost versus precision. Furthermore, the
experimental results showed that SALA is robust against
changes in the parameters of the target points’ movement
patterns such as the velocity of moving targets and the fre-
quency of occurrences of events.
Appendix A

Before we prove the main theorem we state and prove
several lemmas.

Lemma 1. If in a sensor network we assume that

� node sk be activated at the beginning of round Rm,n,
� node sk immediately switches to the sleep operation mode

if it cannot sense any target point,

then node sk can fully detects all the target points passing
through its sensing region during round Rm,n if and only if
Tm;n

sleepðskÞ is a divisor of Tm;n
sleepðskÞ given by Eq. (5).
Proof of Lemma 1. The proof of necessity condition: We
prove the necessity condition of the lemma by induction
on the order of arrival of target points into the sensing
region of node sk.

Basis of induction: We show that the first target point
can be detected. Let tpm;n

1 ðskÞ be the first target point
passing through the sensing region of the node sk during
round Rm,n. Target point tpm;n

1 ðskÞ enters the sensing region
of node sk either before ðsE

tpm;n
1
ðskÞ 6 sS

Rm;n ðskÞÞ or after

ðsE
tpm;n

1
ðskÞ > sS

Rm;n ðskÞÞ the beginning of the round. Consid-

ering sE
tpm;n

1
ðskÞ 6 sS

Rm;n ðskÞ, sk is able to fully detect target

point tpm;n
1 ðskÞ due to the fact that node sk is activated at

the beginning of round Rm,n (the first assumption of the
lemma). Considering sE

tpm;n
1
ðskÞ > sS

Rm;n ðskÞ and the second

assumption of the lemma we can conclude that node sk
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switches to the sleep operation mode at sS
Rm;n ðskÞ. Now let

tm;n
d�e;0ðskÞ ¼ sE

tpm;n
1
ðskÞ � sS

Rm;n ðskÞ be the difference between

sS
Rm;n ðskÞ and the time that target point tpm;n

1 ðskÞ enters the

sensing region of node sk ðsE
tpm;n

1
ðskÞÞ. If Tm;n

sleepðskÞ is a divisor

of Tm;n
sleepðskÞ, then tm;n

d�e;0ðskÞ is divisible by Tm;n
sleepðskÞ. Since

node sk switches to sleep operation mode at time sS
Rm;n ðskÞ

and tm;n
d�e;0ðskÞ is divisible by Tm;n

sleepðskÞ, then it can be

concluded that it certainly wakes up at sE
tpm;n

1
ðskÞ and fully

detects tpm;n
1 ðskÞ.

Induction hypothesis: The ith target point that enters
the sensing region of node skðtpm;n

i ðskÞÞ can be fully
detected.

Induction proof: The (i + 1) th target point that enters
the sensing region of node skðtpm;n

iþ1ðskÞÞ can be fully
detected. We will show that if node sk fully detects the
ith target point tpm;n

i ðskÞ, then it can fully detect the next
target point that enters into its sensing region ðtpm;n

iþ1ðskÞÞ
as well. Assume that the target point tpm;n

i ðskÞ has been
fully detected by node sk. By the second assumption of the
lemma, node sk switches to the sleep operation mode at
the departure time of tpm;n

i ðskÞðsD
tpm;n

i
ðskÞÞ. Let tm;n

d�e;iðskÞ ¼

sE
tpm;n

iþ1
ðskÞ � sD

tpm;n
i
ðskÞ be the difference between the time

that the ith target point tpm;n
i ðskÞ departs the sensing

region of node sk and the time that the next target point
tpm;n

iþ1ðskÞ enters into the sensing region of node sk. If

Tm;n
sleepðskÞ is a divisor of Tm;n

sleepðskÞ, then tm;n
d�e;iðskÞ is divisible

by Tm;n
sleepðskÞ. Since node sk switches to sleep operation

mode at sD
tpm;n

i
ðskÞ and tm;n

d�e;iðskÞ is divisible by Tm;n
sleepðskÞ,

then it can be concluded that it certainly wakes up at
sE

tpm;n
iþ1
ðskÞ and fully detects tpm;n

iþ1ðskÞ.

The proof of sufficiency condition: We show that if

node sk fully detects every target point which passes

through its sensing region during round Rm,n then Tm;n
sleepðskÞ

is a divisor of Tm;n
sleepðskÞ. To show this we use contradiction.

Assume that Tm;n
sleepðskÞ is not a divisor of Tm;n

sleepðskÞ which

implies that there exists tm;n
d�e;iðskÞ ¼ sE

tpm;n
iþ1
ðskÞ � sD

tpm;n
i
ðskÞ

which is not divisible by Tm;n
sleepðskÞ. Now we consider the

following two cases:

� tpm;n
i ðskÞ is not detected by sensor node sk:This case

can not occur because it is in contradiction with the
assumption that sk fully detects every target point
which passes through its sensing region during round
Rm,n.
� tpm;n

i ðskÞ is detected by sensor node sk: If tpm;n
i ðskÞ is

detected by sensor node sk, then by the second assump-
tion of the lemma, node sk switches to the sleep operation
mode at sD

tpm;n
i
ðskÞ. Since node sk switches to the sleep

operation mode at sD
tpm;n

i
ðskÞ and tm;n

d�e;iðskÞ is not divisible

by Tm;n
sleepðskÞ, it can be concluded that it does not wake

up at sE
tpm;n

iþ1
ðskÞwhich implies that tpm;n

iþ1ðskÞ cannot be fully
ng automata based scheduling solution to the dynamic point cov-
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detected. This is again in contradiction with the assump-
tion that sk fully detects every target point which passes
through its sensing region during round Rm,n. h
Lemma 2. If for a sensor network we have that

� all the nodes are activated at the beginning of every round,
� any node in the network immediately switches to sleep

operation mode if it cannot sense any target point,

then the network fully detects all the target points (gD = 1) if
and only if Tm;n

sleepðskÞ is a divisor of Tm;n
sleepðskÞ given by Eq. (5).
Proof of Lemma 2. By Lemma 1 and the fact that all nodes
are activated at the beginning of every round (assumption
1) we can conclude that the network can fully detects all
the target points, that is gD = 1 if and only if Tm;n

sleepðskÞ is a
divisor of Tm;n

sleepðskÞ. h

Definition 12
EðTm;n

sleepðskÞÞ is defined as the amount of energy con-
sumed by a node sk during round Rm,n using the sleeping
duration of Tm;n

sleepðskÞ.
Lemma 3. The energy consumed by a node during a round is
a decreasing function of the sleeping duration of that node.
Proof of Lemma 3. Let Tm;n
1;sleepðskÞ and Tm;n

2;sleepðskÞ be two dif-
ferent sleeping durations for node sk during round Rm,n. If
Tm;n

1;sleepðskÞ < Tm;n
2;sleepðskÞ, then we can conclude that node sk

switches between the active operation mode and the sleep
operation mode more frequently when it uses Tm;n

1;sleepðskÞ as

the sleeping duration. This implies that EðTm;n
1;sleepðskÞÞ >

EðTm;n
2;sleepðskÞÞ and hence the lemma. h
Lemma 4. If the sleeping duration of any node during any
round is set to its maximum possible value then the energy
consumed by the network will be minimized.
Proof of Lemma 4. The proof of this lemma is immediate
from Lemma 3. h
Proof of Theorem 1. Lemma 2 states that when
gD ¼ 1; Tm;n

sleepðskÞ is a divisor of Tm;n
sleepðskÞ. This implies that

if gD = 1, then the maximum possible value for the sleeping
duration of node sk during round Rm,n is Tm;n

sleepðskÞ. Lemma 4
states that if the sleeping duration of any node during any
round is set to its maximum possible value, then the
energy consumption of the network will be minimized.
Therefore, if Tm;n

sleepðskÞ is set to Tm;n
sleepðskÞ for any node sk in

any round Rm,n, then the energy consumption of the net-
work will be minimized.

Conversely, assume that the energy consumed by the
network is minimum. By Lemma 2, Tm;n

sleepðskÞ is a divisor of

Tm;n
sleepðskÞ. By Lemma 3, if Tm;n

sleepðskÞ < Tm;n
sleepðskÞ, then

EðTm;n
sleepðskÞÞ > EðTm;n

sleepðskÞÞ which is in contradiction with

the assumption that the energy consumed by the network
is minimum. This implies that Tm;n

sleepðskÞ must be equal to

Tm;n
sleepðskÞ. h
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