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Abstract— This paper studies the problem of self-deployment
of heterogeneous mobile sensors using biologically-inspired prin-
ciples and methodologies. The initial sensor deployment is
assumed to be random, based on which two interrelated issues
are investigated: the design of an optimal placement pattern of
heterogeneous sensor platforms and the self configuration from
the initial random state to the optimal state through intelligent
sensor movement. We first develop an optimal placement al-
gorithm based on the mosaic technique inspired by the retina
mosaic pattern widely observed in both human and many animal
visual systems. Different types of mobile sensors are organized
into a mosaic pattern for both maximizing network coverage and
reducing network cost. Secondly, in order to converge to the opti-
mal state, we investigate the swarm intelligence (Sl)-based sensor
movement strategy with the assistance of local communications,
through which the randomly deployed sensors can self-organize
themselves to reach the optimal placement state. The proposed
algorithm is compared with the random movement and the SlI-
based method without direct communication using performance
metrics such as network coverage, redundancy, convergence
time, and energy consumption. Simulation results are presented
to demonstrate the effectiveness of the mosaic placement and
the Sl-based movement with local communication.

Index Terms— Heterogenous sensor network, Coverage, Mo-
saick pattern, Swarm intelligence
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the desired detection performance [1], maximize the system
lifetime [2], and ensure connected coverage [3]. Uncertainty-
aware sensor deployment is discussed in [4], which takes
account of inherent uncertainties associated with the prede-
termined sensor locations.

When the environment is unknown or inaccessible, e.g.
some hazardous regions or adversarial environment, it is
not practical to manually deploy sensors, let alone sensor
networks of a large scale. Hence, in order to quickly form a
sensor network, the most efficient deployment method might
be airdrop. If we refer to the placement of sensor nodes
after airdrop as the “initial state” of the network, then this
initial state is almost certain not the “optimal state”. In
order to reach a reliable coverage provided at the optimal
state, we have to rely on mobile sensors to self-organize
themselves and eventually converge to the optimal placement.
This problem has been considered by a number of researchers
and various techniques like the potential fields [5], [6], the
virtual force [7], and the Vorionoi-based [8] deployment
schemes have been thoroughly investigated. However, these
algorithms either are based on the centralized control [5],
[7], or require the sensors to stay within a certain distance
with one another so that they can use the neighboring node
information for further deployment of other sensors [5] or for

In order to monitor activities within a region of interest constructing the Vorionoi polygon [8]. The centralized control
(ROI), a number of sensors with capabilities of sensingjs not energy-efficient due to full communication between

processing, communication and even mobilization can b¢he sensor nodes and the cluster head or the base station
deployed to perform collaborative tasks. The problem of senThe failure of the base station would lead to the failure of
sor deployment then becomes an important and fundamenttie whole system. Furthermore, the centralized approach is
issue in sensor networks as the location of individual sensamot feasible for large scale networks. On the other hand, the
node can largely affect the effectiveness of collaborationdependence on the neighboring sensors, which is based on th
An optimal deployment algorithm is desired that aims atassumption that there is no “isolated” sensor after the initial
minimizing energy consumption, reducing convergence timeplacement, is not realistic in real world applications.
maximizing network coverage, while using as few sensors as In most existing deployment strategies, a common assump-
possible to minimize cost. tion is that the sensor platform iBomogeneoysthat is,
Sensor deployment algorithms vary with different applica-all the nodes in a sensor network are exactly the same. In
tion scenarios. The simplest case is, when the environmemeal-world applications, a sensor network usually consists
is sufficiently known and accessible. The sensor locationsf a large number of sensor nodes with various sensing
can then be predetermined and the deployment is performeshd processing capabilities. In the context of a surveillance
manually so that the precise placement of sensors is possibleetwork, we define deterogeneous sensor netwak one
To this end, many investigators have concentrated on ththat consists of sensor nodes that carry different types of or
design of spatial arrangement of sensor nodes to achiewdifferent combinations of sensing modalities. For example, a



sensor node may carry a microphone for acoustic sensing,the most useful sensing modalities might be microphone,
geophone for seismic sensing, a magnetic sensor, a sonar, geophone and passive infrared (pir). In this paper, we assume
a combination of different modalities. that the different types of sensor nodes have been specifiec

In this paper, aheterogeneousensor network witlself-  based on different applications.
deployablecapability is investigated. We present a distributed The answer to the second question is referred to as the
algorithm enabling mobile sensors to self-organize themselvegroblem of determining thprobability of appearancéPOA),
to achieve efficient coverage. The initial deployment is aswhich has a major role in generating an efficient placement
sumed to be random which is the case in many practicgbattern. Take the same civilian target recognition application
applications. The problem of optimal sensor deployment@s an example, among the three different sensing modalities,
has to consider two interrelated issues, the derivation of amicrophones are more effective in detecting civilian vehicles
optimal state fossensor placemenand the convergence from than geophones or pir sensors. Therefore, we might want to
the “initial state” to the “optimal state” bgensor movement deploy more nodes that carry microphones than nodes that

The optimal placement of heterogeneous sensor nodes incarry geophones or pir sensors. We uséo represent the
sensing field resembles the phenomena of different photoreatio of the amount of different sensor nodes. For example,
ceptors tiled on the retina of both human and many animat = 1/2: 1/4 : 1/4 indicates that the number of microphones
visual systems. In the human visual system, three types a§ twice as many as the number of geophones and pir sensors
cones with absorbance maxima in the long-, middle-, andn this paper, we use this ratio as an important factor to
short-wavelength (L, M, and S cones) region, respectively, ardetermine the optimal pattern. However, we do not consider
organized into mosaics on the retina [9], [10]. Only a singlehow this ratio can be obtained as it is also highly mission-
type of photoreceptor samples the image at any given locatiorariented.
while the reconstructed image presents full color information The answer to the third question concerns the spatial distri-
at each pixel. Inspired by this biological phenomena, webution of the sensor nodes. In the animal society, the spatial
extend the mosaic technique for use in sensor placement, errangement of cone mosaic has been examined in a variety of
which different types of sensor nodes form a mosaic patterspecies, and it has been found that the mosaic array of most
to provide reliable coverage with minimum cost. Following vertebrates is regular. Those animals who need high acuity
how the insects self-organize themselves into a harmoniouand rely heavily on vision possess a very regular mosaic array,
society [11], [12], we present a swarm intelligence (Sl)-baseduch as fish [13], [14] and mouse [15], [16]. Similarly, in
movement algorithm. Each sensor can move freely within thesensor networks, a promising and intuitive solution of sensor
sensing field, guided by a simple rule carried by the sensodeployment is to follow theiniform distribution If a certain
The individual behavior of different sensors leads the wholeype of sensor nodes distribute densely in some regions while
sensor network to converge to the optimal state. To speed thsparsely in others, the quality or coverage of the surveillance
convergence, local communication is considered to conserwgill be affected, resulting in certain sparsely deployed regions
sensor energy. Each sensor behaves independently accordimgt being covered. On the other hand, the redundant data
to its own knowledge base. The effectiveness of the deployreported from densely deployed regions would also increase
ment algorithm is measured in terms of network coveragethe network load. Therefore, the distribution of each type of
redundancy, convergence time, and energy consumption. sensor nodes should be as uniform as possible.

In the following, we first discuss the design of optimal

paper is concluded in Sec. VI.
sensor network as a rectangular grid, and ea%_ 1 A3
grid point can then be interpreted as a Sitgpe network
for the mobile sensors. The distance between two adjacent
In order to solve the problem of optimal placement of grid points corresponds to the unit sampling distance of the
heterogeneous sensors using the mosaicked technology, threensing field. A sensor placement example with three different
guestions have to be answered, (1) what types of differentypes of sensors (denoted by different colors) o8 ar8 grid
sensors should be deployed for a given task? (2) how manig shown in the right figure.
sensors of each type should be deployed? and (3) how to We choose the checkerboard pattern as the starting point
distribute each type of sensors spatially to achieve maximurbecause of its symmetry, uniform distribution, and the same
coverage using minimum number of sensor nodes? sampling frequency along the two orthogonal directions (i.e.
The answer to the first question is mission-dependent. In horizontal and vertical directions). Given the number of
sensor network, different types of sensors are specialized idifferent types of sensor nodes and the POA of each type,
detecting different phenomena. Hence for a specific missiorthe generic algorithm uses a combination of checkerboard
the configuration of sensor platforms should be different. Fodecomposition and subsampling to generate the optimal pat-
example, if the mission is to detect civilian vehicles, thentern that satisfies the pre-defined POAs. This process can be

II. OPTIMAL PLACEMENT OF HETEROGENEOUSSENSOR
PLATFORMS



described using a binary tree, with the checkerboard pattersubsampling pattern “1”, and label “5” and label “6” patterns
as the root of the tree and the leaf nodes as the differerdre the results of subsampling pattern “2” by 2.

types of sensor nodes. The POA of each leaf node is given Process the checkerboard until it has the same structure a:
by 1/2'¢vel, wherelevel refers to the level of the binary tree. the binary tree. The next step is to combine all the leaves to
generate a mosaic pattern, as shown in Fig. 2(c), in which
the pattern is obtained by combining all the leaf patterns

% in Fig. 2(b). If we replace the pixels labeled with different
& ow ] numbers by different types of sensor nodes, we actually
G @®6E @ — %@)@ generate a 5-type sensor placement pattern.
BIBEES The binary-tree-driven pattern generation process would
@ @ g §8§§%§ guarantee the uniform distribution of each type of sensor node
@ @i O& } i& across the whole sensing field. What is more important, given

the POA, a binary tree is uniquely generated, based on which
298999 the location of different types of sensor nodes can be derived
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© COOR00 000000 can always choose the closest approximation to substitute the
_ ) . ® ) real ratio.
Fig. 2. lllustration of the generation process of the optimal placement

pattern. (a) Generated binary tree. (b) Checkerboard separation. (c) A 5-type
optimal sensor placement pattern generated by combining all the leaf patterns ll. SWARM INTELLIGENCE (Sl) BASED MOVEMENT

in (b). In order to converge to the optimal placement presented
in Sec. Il, we propose an Sl-based movement mechanism,

Figure 2 illustrates the generation of a mosaic patterﬁ"r:here”the |nq|V|du§I beh?vr])r ofhd:fferent senSﬁrs results in
of five different types of sensor nodes using a binary tredn€ collaborative efforts of the whole system. The movement

with five leaves (Figure 2(a)). Based on this binary tree,strgtegy attempts _to enable the network converge to the
we separate the checkerboard pattern as shown in Fig. 2(djPtimal topology with the least convergence time, movement

The decomposition process is applied at the even leveldiStance, and energy consumption. _
of the binary tree (including level zero, i.e. the root), and !N recent years, development in Sl has motivated re-

the subsampling process the odd levels. The function 0§earchers to find biologically emulated strategies to solve
decomposition is to divide the black and white blocks in theCOmMPplex system problems. The research on Sl is based on the

original pattern into two sub-patterns such as the “label-1" anddea that simple rules carried by individual entity can lead to
“label-2” pattern illustrated in Fig. 2(b). The decomposition

a complex behavior of the whole system [11]. The behavior
of intermediate nodes needs some extra steps as exemplifi@ Social insects has inspired the development of different
in Fig. 3, where node “3” at level two of the binary tree is

algorithms [12] applied to different problem domains, such
decomposed into node “7” and node “8”. The first step is to@S the travelling salesman problem [17], [18], the sequential
extract all the labeled pixels to form a new smaller pattern

ordering problem [19], the quadratic assignment problem
(S1), then a checkerboard based on the resulted smalldgCl: @nd the network routing problems [21], [22].
pattern is constructedsg), and finally the black and white !N this paper, we apply Sl to the mobile sensor deployment

blocks are extracted separately and assigned to their originfoPlem. Each sensor node is considered as an individual

locations to form new patterns as illustrated $iyand S, in entity that carries a simple rule. The limited capability of
Fig. 3. each sensor leads to an optimal configuration of the whole

sensor network. As we will show in Sec. IV, the Sl-based
method is able to converge to the optimal state with rapid
convergence and efficient energy conservation.

It is known from the sensor placement design that the dis-
tributions of different sensor platforms present regular pattern.
If we set up an orthogonal coordinate system with the origin
at the top-left corner of the grid and the distance between two
grid points being unit, we can specify the positioning criteria
(stop condition) according to the coordinates of sensors,
which satisfy a set of unique constraints for different sensor
platforms. Figure 4 shows an example of a sensor network

JQ% subsampling process is to sample the pattern bwith seven different sensor nodes, in which thendy are the
27z along the horizontal and vertical directions. For coordinates of a sensor. Each sensor carries the stop conditior
example, the label “3” and label “4” patterns are obtained byof its own sensor type. At each grid point, the sensor checks

Fig. 3. lllustration of decomposing an intermediate node.



the stop condition and determines whether it should positioftlgorithm 1: Rules carried by type 1 sensors.
itself or go somewhere else. We assume each sensor shouldData : Node type 1 (R), current positiofx, y)
know whether the current position has been occupied or not. while 2 mod 2! =0 AND y mod 2! = 0 do
if (z + y) mod 2! =0 then

if £ mod 2 ==1 then
Stop condition: ‘ random walk N,S;

type 1: x modulus 2is 0 AND x+y modulus 4 is O end
type 2: x modulus 2is 1 AND x+y modulus 4 is 1
else

type 3: x modulus 2 is 1 AND x+y modulus 4 is 2
type 4: x modulus 2is0 AND y modulus 2is 1 ‘ random Walk W,E,

type 5: x modulus 2is 0 AND x+y modulus 4 is 2 end

type 6: x modulus 2is 1 AND x+y modulus 4 is 3
type 7: x modulus 2 is 1 AND x+y modulus 4 is 0 end
else
Fig. 4. Positioning criterion of a sensor network with seven different ‘ random walk NW,NE,SW,SE;
platforms. end
end

For a team of sensors, an important issue is to determing
which level of intelligence each sensor should have in order thlgorithm 2: Rules carried by type 2 sensors.
present swarm intelligence. Low level of intelligence of each Data : Node type 2 (G), current positiofx, y)
sensor might not be enough to manifsstarmintelligence, or while (z + y) mod 2 == 0 do
at the cost of consuming more system sources. On the other | random walk N,S,W,E;
hand, high intelligence is normally infeasible for a simple__end
sensor node. In the context of this paper, we consider low
intelligence as that each sensor only carries its stop condition.
At each location, the sensors randomly choose the next targéf€ occupied, the sensor randomly chooses one direction
position. We expect the convergence time to be very long du@nd moves out of the local eight-neighborhood. Through
to the Comp|ete|y random movement. We name this kind opommunication, the sensor movement can be reduced to a
movement theandom movement large extent and thereby reducing the energy consumption on
If we add another level of intelligence, that is, at a certainmechanical movement. However, the energy consumption on
sensor site, the sensor knows which neighboring sensor site @@mmunication is introduced.
or closer to its destined sensor location, then it can go directly
to that direction without random walk. By confining the mov-
ing direction, we expect to reduce the deployment time as well In order to evaluate the performance of the placement
as the energy consumption during movement compared to thetrategy as well as different movement mechanisms, we
random movement strategy. We call this movement strategglesign three metrics, including tmetwork coverage and re-
the Sl-based movemedute to the increased intelligence level. dundancytheconvergence timeind theenergy consumption
An 8-direction movement is considered: north (N), south (S), Network Coverage and Redundancy Network coverage
east (E), west (W), north-east (NE), north-west (NW), southis a commonly referenced metric for evaluation of sensor
east (SE) and south-west (SW). Each sensor carries a simplieployment algorithms in a number of literature [4], [5], [6],
rule, based on which, the sensor should know which directioffi7], [8]. It is defined as the sensing capability of a sensor
to go. Algorithms 1-3 demonstrate the rules that should beetwork, that is, how well the network can observe or monitor
carried by different sensors in a 3-type sensor network, athe given sensing field.
shown in Fig. 1 £ = 1/2 : 1/4 : 1/4), where the red,
green, and blue colors represent the type 1, 2 and 3 sensors
respectively. Algorithm 3: Rules carried by type 3 sensors.
In the random and the Sl-based movement strategies, no Data : Node type 3 (B), current positiofw, y)
direct communication is needed. Before a sensor reaches itswhile x mod 2! = 1 AND y mod 2! = 1) do

IV. PERFORMANCEMETRICS

target location, it has no information about whether the target if (z 4+ y) mod 2! = 0 then
location has been occupied or not. If the target position has if mog 2== ﬁ’(tpleé‘_
already been occupied, the sensor has to move to other loca- | random walk N.S;

tions, which consumes extra energy. To alleviate the unneces- 2@1

sary energy consumption, we allow localized communication ‘ random walk W,E:
between sensors. All the positioned sensors (sensor that find end

their final locations) broadcast their coordinate to inform that end

the corresponding positions have been occupied. At each grid else

point, the unpositioned sensor first checks the occupation of | random walk NW,NE,SW,SE;
its neighbors. By doing so, the sensor can then move to a end

vacant sensor site. If all the neighboring sensor locations_€nd




The sensing range is modelled as a circle whose centdhe lifetime and improving the performance of the network.
denotes the sensor. In this paper, we consider a probabilistiEnergy consumption is the most relevant metric in a sensor
model [4], where the sensing sensitivity depends on the geaietwork, since sensor nodes only carry limited power source,
metrical distance from the sensor. L, denote the sensing and in most applications, it is impossible to replace sensor
sensitivity of a sensor, thess, = e~*%u(c — d), wherea battery. The two major energy consumption sources in mobile
represents the sensitivity coefficient, which determines hovsensor networks are due to mechanical movement and com-
fast the sensitivity decreases as the target goes further awayunication. In the random and the Sl-based method, only
from the sensoru() is the step function, andl denotes mechanical movement consumes energy. While for the SI-
the Euclidean distance between the sensor and the poibsed movement with local communication, besides the me-
investigated. The constantis the sensing range of a sensor, chanical movement, the energy consumption in transmission
above which the sensing capability is zero. and receiving also needs to be considered.

Given a sensing field witld) grid points, suppose a group  We use a linear model to calculate the energy consumption
of sensors withl" different types are deployed. We define aijn mechanical movement based on the assumption that the
prObab”iStiC COVGragenOdEI as follows. For a certain grld energy consumed in movement is proportiona| to the moving
point g,,n = 1,2,---,Q, we search for the nearest sensordistance, that iSF.ons = d X emope Whered is the mov-

st =1,2,...,T of each type. If the Euclidean distande  ing distance, and,,,.. represents the unit distance energy
between the sensay and the grid poiny, is less than the  consumption.

corresponding sensing rangge of sensor type, we say this
grid point is covered by this kind of sensor at the sensitivity
of e~ whereaq, is the sensitivity coefficient of sensor
type t. The coverage of grid point can then be formulated
as

The energy model for electronic communication is based
on the first order radio model [23]. Two parts of energy
consumption in communication are considered: electric cir-
cuitry e and transmitter amplifiet,,,,, where we assume

T eelec = 900eqmp. The energy consumed by a sensor when
cover,, = lze—atdtu(ct —dy) (1) receiving a data packet is given .., = ececB, while
T the energy consumed in transmitting a data packet is given
And the coverage of a sensor network is defined as the avera§¥ E”a”_ = _eel“B + Campd”B, yvhered is the maximum
ommunication distance, an® is the number of bits in

coverage of all grid points. i
The network coverage can be increased by deploying mor@e data packet. To be able to compare energy consumption

sensor nodes especially in the sparsely deployed regio different movement strategies, we need to investigate the

However, as more sensors are deployed in a given sensir{slat'ons,h'p .between energy consumption in moveme.nt and
communication. We assumsg,,,. = B¢ and by choosing

field, it is very likely that more than one sensor of the same it ) 4V the off ; >
type would cover a single point. This can be measured b)?“ erent ratiosf3, we study the effect of energy consumption

network redundancyFor the grid pointg,,, the total number 1 MoOvement and communication.
of sensors that cover this point &% (N > 0), then the
redundancy of this grid point is defined as

Zij\il e~%diy(c; — d;) — Tcovery,

V. EXPERIMENTS

N —a.d, (2) . . . .
>imie” (e — d;) In all the simulations, we assume each sensor is equipped
The grid point that is not covered by any sensor is notwith a positioning system (such as GPS) that allows the sensor
considered when calculating the redundancy. The redundandg find its location and orientation during the movement; and

of a sensor network is the average redundancy of all gndi" the sensors can move freely within the Sensing field. For
points that are covered. example, we assume there is no collision between different

Convergence Time Convergence time refers to the time S€NSOrs and between sensors and obstacles. Each sensor ¢

needed for a sensor network to converge from the initial statéetect the boundary of the network so that it will not move
to the final configuration. As mentioned before, we define theédut of the sensing field.
convergence time as the number of deployment epoch of the The sensing field is chosen to be a 5060m 2-D region.
last positioned sensor. The deployment epoch refers to th€here are five types of sensing platforms with the ratio equal
time for an unpositioned sensor to move from one grid pointo » = 7 : 1+ : 7 : & : £ to be deployed. We assume the
to an adjacent grid point. To simplify the discussion withoutsame sensing range ®0m and the same sensing sensitivity
loss of generality, we assume the movement from one grig¢oefficient ofa = 0.035 for different modalities. The sensing
point to another takes the same amount of time irrespectiveensitivity coefficient is selected such that at the distance of
of the actual distance. And hence, the larger the number cdensing range, the sensor still has 70% sensing sensitivity.
deployment epochs, the longer the convergence time, and thie first compare the proposed optimal mosaic placement
worse the system performance. design with the random placement in the sense of network
Energy Consumption In sensor networks, the key chal- coverage and redundancy, then we evaluate the performance

lenge is to conserve system energy, thereby maximizingf the Sl-based movement strategy.

redundancy, =



Network coverage

A. Random placement vs. Optimal mosaic placement :

Figure 5 shows an initial and final network configurations.
Different colors and marks are used to represent different
types of sensor nodes. It can be seen that in the initial stage,
the sensors clump in some regions, while in the final stage,
all the sensors distribute uniformly across the whole sensing
field. We expect the even spacing would improve the network
coverage.

Coverage
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Fig. 5. Network configuration: (a) Initial state (b) Final state after 1965 oest
epochs using the random movement. o6l
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For the given sensing field, we deploy different numbers of HTes e “‘Sscov‘iiage"‘“ e
sensors using both the random placement and the proposed ()
mosaic algorithm. To calculate the network coverage angg. 6. The network coverage and redundancy using both random deploy-
redundancy, we assume the sensing field is resampled inteent and optimal placement. (a) Network coverage (b) Network redundancy
a 100-by-100 rectangular grid. These grid points are not the
real sensor sites. By doing so, we can study the coverage and
redundancy of the sensing area at a higher resolutiorbef.  \hen we investigate the scalability of the Sl-based methods
Moreover, the uncertainties associated with the precise sensgjitn and without communication.
locations are considered. Currently, after error corrections, 1, investigate the convergence time, different movement
some GPS systems can providelm position accuracy [24].  methods are performed twenty times and the deployment
As a consequence, we add- 1m random error to the final  gpochs are recorded. After deleting the two maximum and two
mosaic sensor locations to simulate the position error. minimum values, the average deployment epochs are about
In Fig. 6(a), we evaluation the coverage metric versusspo, 180, and 50 for the random movement, the Sl-based
sensor density with the number of sensors deployed varieghethod without and with local communication, respectively.
among 25,36, --- ,256. . We observe that to reach 80% |t can be seen that the Sl-based method with communication
coverage, about 160 sensors must be deployed using th@nyerges the fastest, and the random movement the lowest
random placement, while only 90 sensors are needed using Fig. 7, we plot the percentage of positioned sensors as
the proposed placement algorithm. From the simulation rey fynction of deployment epochs. It can be seen that the
sults, it is quite obvious that the mosaic placement improves|-pased method with communication needs shorter time to
the sensing field coverage compared to the random sensgep|oy all the 64 sensors. We also observe that around 90%
placement. Figure 6(b) illustrates network redundancy agains{ensors are positioned within the first 15 epochs using the
the network coverage. We again observe that for the samg|-pased method with communication. As the number of
coverage level, the network redundancy is much higher usingositioned sensors increases, it takes much longer time to
the random placement. As the number of sensors increasegnverge since most of the sensor sites have been occupied.
the redundancy increases and the difference between theFigure 8 shows the measured network coverage against
random placement and the mosaic placement decreases. the number of deployment epochs using the three movement
methods. Due to the randomness, the plots present different
degrees of fluctuation. Note that in general, the network
In this simulation, we compare the random movementcoverage increases with the deployment epochs, independen
strategy with the Sl-based movement with and without com-of the movement methods used. Given a specified coverage
munication from the perspectives of convergence time, netlevel, the Sl-based movement with communication converges
work coverage, and energy consumption. In the followingfaster than the other two methods. At a certain deployment
experiments, we fix the number of sensors to be 64 excegime, the Sl-based method with communication presents

B. Random Movement vs. Sl-based Movement
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Fig. 7. The percentage of positioned sensors vs. deployment epochs. Fig. 9.  Comparison of energy consumption using different movement
methods.

higher network coverage level. Another observation is that

the coverage increases very quickly at the early stage of thgOded usingi2bit data. We study the energy consumption in

table. At this st thouah th work h ¢ Bommunication and movement by choosing different ratios
stable. is stage, even thoug e network has not yel; B = emove/corce given fixed euee (50nJ/bit [23]).

_reached Its Op“”?a' plac_ement state, the network covera he experimental results are illustrated in Fig. 9. It can be
is already very high. This is because at the early stage o een that if the ratio is less than 3, the Sl-based method
deployment, most sensor sites are vacant, and it is very €a%¥ith communication performs the WO,I’St. When the ratio is
for an unpositioned sensor to find its final sensor site. A‘Qiarger than 3 and less than 47. the Sl-based method with
the area covered by the positioned sensor nodes increas% mmunication outperforms the ’random movement, but it is
the other nodes will have to travel further to reach their finalStiII worse than the Sl-based method without commu’nication.
locations. If the ratio is greater than 47, the Sl-based method with
communication presents the best performance. Note that the
Sl-based method without communication always outperforms
the random movement.

Comparison of network coverage

Figure 10 illustrates the performance of the Sl-based
method with and without communication when scaled to
different sizes of networks, where we deploy 25 and 144
sensors in the same sensing field as stated at the beginnin
of this section, respectively. The solid line denotes the result
of the Sl-based method with communication, and the dotted
e line the SI-based method without communication. The symbol
: ‘ =] V represents the results of 144 sensors and the symbol
corresponds to the results of 25 sensors. We observe that fol
the given sensing field, the change of energy consumption in
sensor movement is smaller than that in communication. Since

Both the results in studying the network coverage and thdhe total area of the sensing field_ is fixed, as the numbe_r of
convergence time reveal that there is a tradeoff in betvveeﬁj,e,ploy?d sensors increases, the distance between two adjacel
which is highly related to the energy consumption. In somed"d Points would decrease such that the energy consumed
applications, the coverage requirement might not be tha’hen & sensor moves from one grid point to another is
critical, and it is not cost-effective to move sensors for a'educed. Even though the total number of sensors is large,
long distance to get a very small coverage improvement. I total energy consumption in sensor movement does not

this case, we would like to terminate the deployment proces§"ange too much.

before the maximum coverage is reached to save energy andFrom the simulation results, we see that the proposed
reduce the deployment time. To terminate the deploymensensor placement design can achieve reliable coverage leve
procedure earlier, we can set a threshold, defined as theith lower redundancy, and the Sl-based movement outper-
minimum energy left in the sensor, below which the sensoforms the random movement. The comparison between the
will not move. Sl-based movement with and without communication depends

We next study the energy consumption during deploymenton the ratios. The sensor network is able to converge to the

The communication range is assumed to be the same as tbptimal state with less convergence time and lower energy
sensing range, which is0m. The coordinate information is consumption using the Sl-based methods.

Network coverage

o 10 20 30 40
Deployment epochs

Fig. 8. Network coverage vs. deployment epochs.
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Fig. 10. Comparison of energy consumption with different network sizes.[11]
[12]

13
VI. 1

CONCLUSION

This paper addressed the problem of self-deployment oft4!
heterogeneous mobile sensor networks using biologicallyp;s)
inspired principles and methodologies for cost-effective and
reliable-coverage purposes. A mosaic sensor placement &6
developed and the simulation results demonstrate the optimal
ity of the proposed placement design. To converge to such
an optimal state, the Sl-based self-organization mechanis 1
is investigated. Performance evaluation is conducted fro
three perspectives, including network coverage, redundancy,
convergence time, and energy consumption. The experimente!
described in this paper confidingly demonstrate that the SI-
based sensor movement with communication can be used to
deploy mobile sensor networks with rapid convergence andtd
low energy consumption.

In this paper, several assumptions were made during thig0l
simulation in order to simplify the problem and highlight
baseline algorithm evaluation. Interesting future directiong21]
would include sensor movement for network reconfigurations
adapting to the event distribution, more realistic models of
the environment such as the introduction of obstacles, other
sampling grids like hexagonal or triangular to relax the POA

restraint. (23]
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