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Nodes self-deployment for coverage maximization in mobile robot networks
using an evolving neural network

C. Costanz V. Loscii?, E. Natalizio T°, Razafindralambb

aDEIS- University of Calabria
BINRIA Lille - Nord Europe

Abstract

There are many critical issues arising in Wireless SenstiRobot Networks (WSRN). Based on the specific appli-
cation, diferent objectives can be taken into account such as energygtion, throughput, delay, coverage, etc.
Also many schemes have been proposed in order to optimizedfispQuality of Service (QoS) parameter. With
the focus on the self-organizing capabilities of nodes in WSRe propose a movement-assisted technique for nodes
self-deployment. Specifically, we propose to use a neurtalar& as a controller for nodes mobility and a genetic
algorithm for the training of the neural network throughmfercement learning [27]. This kind of scheme is extremely
adaptive, since it can be easily modified in order to congidf&erent objective andr QoS parameters. In fact, it is
suficient to consider a éfierent input for the neural network to aim to @drent objective. All things considered, we
propose a new method for programming a WSRN and we will showetipedly how the technique works, when the
coverage of the network is the QoS parameter to optimizeulaion results show the flexibility andfectiveness of
this approach even when the application scenario changgshg introducing physical obstacles).

Keywords: Wireless Sensor and Robot Networks, Neural Network, Gerdgjorithms, Self-Organizing Networks

1. Introduction

Wireless Sensor and Robot Networks (WSRN) are composed lghaanimber of nodes that need to cooperate to
accomplish several tasks (i.e. detect the presence of aimadiintruder in a region of interest, monitor the occuceen
of a specific event, etc.). They have been applied in milisgglications and health care, as well as environmental
monitoring and smart agriculture [1]. One of the fundamkissue in such a network is coverage. It is used to
determine how well an interest area is monitored and a sepada be provided. Nodes deployment is a critical issue
for coverage, because iffacts costs and detection capability of a WSRN. In literatarésting nodes deployment
algorithms can be classified into the following categorigsStationary sensors [2], [3] 2) Mobile Sensors [4] [5] and
3) Mobile Robot [6] [7]. Usually stationary sensors are ramddeployed in the area of interest. Random deployment
is very simple, but the number of nodes to deploy has to be rfargler than what is actually required for the full
coverage. Furthermore, a random deployment of static noaldd be indficient since some areas could be densely
deployed in respect of others and some coverage holes oorepartitions can occur. In some work [4] [5], a large
number of stationary nodes and a few mobile sensors aredsyesi. Unfortunately, when the initial deployment of
static nodes is random, this kind of approach is not usefovéscome the hole problems. In order to face these issues,
it is possible to use only mobile nodes, but in this case iesassary to implement affieient and &ective technique
to allow nodes to move towards a certain position, in ordertsure the best coverage with the smallest amount of
movement. In fact, energy consumption and probability $& lconnectivity increase when nodes movement increases.
These schemes are also known as movement-assisted teehiniualternative is to use robots for deploying static
nodes in a given region. Robot deployment can achieve fuiamge with fewer nodes and can guarantee connectivity
too. However, the presence of obstacles can challenge delptdyment and have a great impact on the deployment
efficiency. To reduce the impact of obstacles in [7] authors @sedour traveling orders for the robot movement.
Unfortunately, this approach cannot guarantee full cayerand may introduce several sensing redundancies when
the robot encounters obstacles. The approaches for caveeagbe categorized into three groups: 1) force based
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[29], 2) grid-based [8] and 3) computational geometry bg8gdAll the three categories can be considered as a sub-
class of the movement-assisted category. With the focut®msélf-organizing capabilities of nodes in WSRN, we
propose a movement-assisted technique for nodes selfiydapht. Specifically, we propose to use a neural network
as a controller for nodes mobility and a genetic algorithntlie training of the neural network through reinforcement
learning. This kind of scheme is extremely adaptive, sih@an be easily modified in order to consideftfeiient
objective angbr QoS parameters. In fact, it isfSgient to consider a éierent input for the neural network to aim
to a diferent objective. In this work we will show how the scheme vgobly considering the neural network as a
controller for nodes mobility, when the objective is to nrakie the coverage area and minimize the number of time
steps to achieve the objective. To the best of our knowledgddployment of wireless nodes able to self-organize,
this is the first work based on neural networks and genetioritfigms. This technique has the clear advantage to
make nodes able to learn from the environment and adapthikaavior. Based only on local information, nodes
ensure a high coverage even when obstacles of irregulaestap present in the area of interest. Another evident
advantage of our algorithm is its simplicity: by the simpiroduction of a new input, a fierent QoS parameter or
objective can be taken into account. In respect of otheragmires, our algorithm can be considered as a synthesis.
In fact, our technique is grid based since it focuses on amest area divided into cells. It can also be considered as
a kind of virtual-force scheme based, because nodes aaetatiror rejected from certain positions depending on the
presence of other nodes. Finally, our technique belongsed@omputational geometry based approach because the
only local information needed at the nodes is the relatigtadice with other nodes and obstacles, and this leads to
spatial distributions of the nodes in the area of interest fibllow geometric rules (e.g., uniformly spaced position

The contributions of this work are the following:

¢ the approach makes behavior emerge from the interactioeaid®f being pre-programmed in the nodes;

¢ the methodology used in this exploits both the flexibilitynetuiral networks and the capability to learn of genetic
algorithms, which makes it suitable to implement all thé-s@roperties;

¢ the proposed solution is simpleffective, distributed and feasible, even in presence of olesta It does not
require any specific hardwasaftware that is not already included in mass products aadsenly local infor-
mation to work.

The rest of the paper is organized as follows: in Section weigde a state of the art, Section introduces method-
ology and algorithm. In Section we show the results of ouoradlym and finally Section concludes the work.

2. Related Works

The problem of coverage in WSN and WSRN is closely related tdogtement, because a good deployment can
improve all the functionalities of the network. Indeed, Megdichian in [10] argues that coverage is the primary
metric that provides indication about quality of service.

An important categorization regarding deployment for Veiss networks as summarized in [11], classify algo-
rithms as belongin to random deployment, incremental depémt and movement-assisted deployment. Random
deployment is the fastest and most practical way to depl@taark, even if it does not ensure a uniform distribution.
For this reason it is often used, as in our case, only in th&imhase of the movement-assisted deployment. Incre-
mental deployment is a centralized approach, which plagdssone at time. The computation of optimal location for
each node is based on information gathered by nodes alregiiyy@d. Hence, computation and time costs explodes
when nodes number increases. In the last years, the mosappezhch to deploy a network is the movement-assisted,
because it can achieve a uniform coverage with reasonafdeaind costs.

In [12] and [13], the approaches for coverage are categbiizéhree groups: force based [29] [14], grid-based
[8], [15], [16] and computational geometry based [17], [&8]d [9]. All these approaches can be considered as a
sub-group of the movement-assisted approach.

In particular for the first group, in [14] authors propose dual force algorithm (VFA) to improve the coverage
after an initial random placement over a region with obstscEven if their method works in presence of obstacles,
it seems massively dependent on the mobility and energyeotéimsors. Also authors of [19] consider obstacles.
They develop anfécient technique to place sensors by means of a robot. Algorin [9] first deploys sensors
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along the boundaries and the region based on the sensing rafdihe sensors. Successively, they apply delaunay
triangulation and add some sensors in order to reach fukreme. Both in [19] and [9], the methods developed
seem suitable for simple regular regions and obstacless alikas consisting of long straight lines. When obstacles
and regions become Siciently and arbitrarily irregular, these methods beconafficient. To consider obstacle in
[20], authors introduce the concept of virtual force. Usihig kind of Coulomb force proportional to the distance
with other nodes or obstacles each nodes is able througtttdin and repulsion to maximize the covered area. This
is a cluster-based approach, so it shows all the drawbatdedeo a centralized scheme. In [16] the whole region
is divided into single-row and multi-row regions, in orderguarantee both coverage and connectivity. Specifically,
holes are covered through sensors deployed along the badesidand connectivity is preserved by maintaining a
constant distance computed from sensing and communiaatibin Also this method seems suitable only for regular
regions and obstacles.

Concerning the Grid quorum based movement [4], typicaley dbnsors field is partitioned into many cells and
the number of sensors in a cell is the load of the cell. Coveeaml connectivity depend on the size of the cell. This
deployment strategy cannot guarantee connectivity andatgorovide Points of Interest (Pol) coverage.

Regarding the computational geometry based approach§s, dnthors propose an algorithm based on Voronoi
regions. Each node, after the computation of its own Voreegion, compares it with its sensing range in order to
determine the presence of holes. In this case, the node rrmaasmproved location and recalculate the new Voronoi
region until convergence is reached. This approach preweuniform deployment in a distributed way, but is not
suitable to use in scenarios with obstacles. Another Higed algorithm, known as pull & push [21], produce an
hexagonal tiling, by attracting the nodes in low densityioag and repulsing nodes from high density regions. This
algorithm does not require manual tuning of variables eelab the particular working scenario, even if it works only
in absence of obstacles. Coulumb’s law is also the base dfif2this work authors propose a distributed algorithm
inspired by equilibrium of molecules to obtain an unifornvemage. Each node calculates its lowest energy point and
the distance from other nodes in a distribute manner, alletation requires exact location information and does not
take in account the presence of obstacles.

The technigue we propose in this work can be considered avememt-assisted approach, in which the region of
interest is sub-divided in specific cells (grid-quorum azmh) and by the usage only of node-node and node-obstacle
distance (computational geometry approach) attractspoises other nodes (virtual force approach) towards thie bes
position for improving the coverage. A desirable propertyor technique is its evolutionary nature, namely, its
behavior varies in a “natural” fashion depending on the th@ution process of the network. In previous schemes,
such as Voronoi and VF schemes, the behavior is imposed ie-prpgrammed fashion. Instead, our approach allows
self-organization of nodes and it does not need any prionmleaige of the environment, even in presence of obstacles.
The novelty is that the deployment is not based on some gewnoetphysic rule pre-implemented in the nodes but
the way to behave is learned directly from the environmenindithe training phase. The rules of movement learned
are very general and not strictly related to any particutenario.

3. A Genetic Algorithm for Nodes Self-Deployment

In order to solve the coverage problem through self-deptof nodes in a wireless sensor and robot network,
we propose to use neural networks and genetic algorithmson®ined approach. The neural network is used to
model the behavior of the single node, whereas the objeatitiee genetic algorithm is to select the most performing
population of nodes as a whole. In Section 4, we will show tiiectiveness of the combined algorithm. Instead, in
this Section we will illustrate the simplicity in the usagktioe two main elements of the combined approach and we
will introduce background and assumptions used in this wdHe flowchart in Figure 1 describes the most relevant
steps of the nodes self-deployment algorithm. The firstettsteps illustrate the initialization of simulation setup,
neural network and genetic algorithm, while the followimgif contain the core algorithm.

In the following subsections we will refer to the flowchartaageneral scheme of the proposed algorithm and we
will provide details on each step.

3.1. Background and assumptions

The model proposed in this work is discrete in both time aratep We decided to use discretization for sake
of simplicity, even though the method could be easily exéehib a continuous model, where we would expect even
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1
‘ Initialization of the grid and randorm deployrment of nodes

A 4
Initizlization of the neural netwaork (NN)

h 4
Initialization of genetic algorithm parameters (Ga)

h 4
‘ Simulation of one time steg (NN)

Y

MM Termination condition satisfisd?

WO Yes
v

Genetic transmission t0 3 new generation (GA)

|

GA Termination condition satisfied?

]

Figure 1: Description of the neural network training phase.

better results at the cost of some complication in the coatjmurt required from the nodes. Hence, the field to cover is
a square grid constituted of square cells, where also philysistacles can be present. We consider one cell and one
time step as discrete units of space and time, respectidp. the sensing radiusof the nodes becomes a positive
integer, and it expresses the number of cells that nodesbéed@cover in each of the four main direction (north,
south, east and west). Therefore, the coverage area of @sadguare area composed of §21)? cells. In Figure
2, the area covered by a node is coloured in light green. Celtsired with a higher intensity of green have a higher
degree of coverage (also referred tckaoverage).

In the described scenario, we use the following assumptiegerding the behavior of nodes:

¢ In one time step nodes can move of one cell in one of the foun iiaéction (north, south, east and west).

¢ Nodes are able to estimate the distance (in number of hddakand vertical cells) between themselves and
other nodes, and between themselves and obstacles.

The first assumption is necessary to express a maximum arabdistance that a node can travel in a single time
step. We decided, again for sake of simplicity, to exclude fecondary directions (north-east, north-west, south-
east and south-west). However, it would be very easy to dxtiem set of possible movements to include also the
missing directions, and the algorithm would improve itsfpenance. The second assumption allows nodes to avoid
other nodes and obstacles, and to calculate the right @os$dimove to in order not to create unwanted overlapping
coverage areas with their neighbors. The boundaries ofdhiedie considered from the nodes as obstacles. For nodes
to measure the relative distances with other nodes or dbstecpossible through the measurement of the round trip
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Figure 2: Representation of sensing radius and cell oveirigp

time or by infrared [23], ultrasonic [24] or visual technapi[25]. In order to guarantee connectivity, we could also
assume that the communication range of the nodes is at lgast their sensing range, as in [26], nonetheless this
assumption is not strictly necessary for the coverage ifgor When the mentioned assumptions are satisfied, no
additional hardware or software is needed onboard the naddsalso no localization systems are required. Basically,
nodes are able to place themselves and maximize the covendgevith the knowledge of the local environment
around themselves.

3.2. Neural Network (NN)

The behavior of each node is controlled by a fully conneatechjrrent and time-discrete artificial neural network.
The neural network is composed by input, output and hiddemnams, as classified also in Figure 3. The number of
hidden neurons depends on the complexity of the problem,jrandr case 2 hidden neurons ardfsient for our
objective.

# of nodes in the
same cell

Input for distance
from obstacles

Figure 3: Neural network architecture of one node for the debloyment problem.

The input of the neural network is detected from the envirentand is related to the goal of interest. In our case,
the input for each node is constituted by:

1. the number of cells already covered by the neighbors, mmé for each direction;

2. the distance from obstacles, one input for each direction
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3. the number of nodes placed in the same cell.

The first set of input has to objective to make node spread andnmnize the coverage by avoiding overlapping.
The second aims to allow nodes to learn how to avoid obstétéconstitute an impediment to movement, sensing
and communication. The last set of input is specifically usehen many nodes are initially deployed in the same
cell. Regarding the input, it is important to make the foliogirremarks:

¢ all the mentioned input can be computed at each node from #asunement of the distance with other nodes
(input 1 and 3) and between node and obstacles (input 2);

e the measurement is limited to the coverage range of each node

Therefore, as mentioned in the previous subsection, ool laformation about relative distances is enough to feed
the neural network and make the algorithm work.

In order to map the n-dimensional input into the m-dimenai@utput, each neuron uses a real-valued activation
function and a time-varying real-valued connection witemg\other neuron of the network.

outj(k) = F ZVVij -outj(k — 1) + b; (1)
ieN
The output of neurolj, at the time stej is the same for all the connections originating jtherefore we indicate
with out; the output of neurorj towards all other neurons of the network. The output of neyris computed as in
(1), whereN is the set of all the neurons of the neural netwavk, is the weight of the incoming connection from
neuroni to neuronj andb; is the bias of neuron. Weights can have either an excitatory or inhibitoffeet. In our
case, the activation functidn is a simple linear threshold function as expressed in eguati

-10 if x<-10
F(x):{ x if -10<x<10 (2)
10 if x=10

The output of the two output neurons is the output of the nengtwork for each node. It is composed of two
real numbers that can vary in the intervall[+ 1], as it is clear from (2). Depending on these two real valties
node decides the action to make. The set of possible acgdimsifed to move of one cell in one of the four admitted
directions or stay still in the current cell.

The whole process described above is executed in one tipgfstaeeach node of the WSRN, as shown in Step 4
of the flowchart in Figure 1. This phase of the training of teemal network consists in the execution of the described
process until a termination condition is satisfied, as ip$Stef the flowchart. In our case, the termination condition
is either the execution of a certain fixed number of time stefibe complete coverage of the field.

3.3. Evolutionary genetic algorithm (GA) for the neural network training phase

In order to train the neural network, in a self-organizingspective, reinforcement learning is used. In fact, the
performance of the neural network is evaluated by a fithnasstifan.

The global optimization method used for training the nenedvork is a genetic algorithm. The genetic algorithm
is encoded in the neural network through the genes, whictinanealues of the weights of the connection between each
couple of neurons and bias of each neuron. A chromosomerédoed as a member of a population in the following)
is constituted by an evolving set of genes, and a populati@omstituted by a fixed number of chromosomes. The
goal of genetic algorithms is to improve the fithess functlmough the transmission of genes of a part of the current
population from one generation to the next, as in Step 6 ofltivechart in Figure 1. The transmission of genes to
newer generations continues until a termination conditiwrihe genetic algorithm occurs (Step 7). In our work, the
condition to terminate the genetic algorithm is the sirmalabf a fixed number of generations.

The transmission of genes to the new generation is basec@ebbction, mutation and crossover of the members
of the old generation that achieved the highest value off#tfienction. Thus, the fitness function has a very important
role in the evolution process, since it is used as a feedlackuiccessive generations. The objective of our work is
to improve the coverage of the field. Hence, we have to releditness function to the coverage achieved by each

6



member of a population. The coverage achieved is computedunyting the distinct cells covered by all the nodes of
each member of the population, upon the termination candaf Step 5 is satisfied. Thus, the fithess function could
be simply represented by the number of covered cells. Haywexewant also to take into account the “speed” of a
chromosome in reaching the maximum coverage. Thereforegefiee the fithess function as follows:

fitness_function = #covered_cells + (#time_steps_max — #time_steps_actual) 3)

In (3), #ime_steps_max is the maximum number of time steps fixed as a termination itondof Step 5 and
#time_steps_actual is the actual number of time steps used in that phase of thengaby the member of the popu-
lation. When the dierence between these two terms is not zero, it means thaethalmetwork covered the whole
field in a number of time steps lower than the maximum allowigtkrefore, an increase of the fitness function by one
unit in respect of the value achieved by the previous geiograain result as arfiect of one the two following causes:

e one more cell has been covered in the same number of time steps

e the same number of cells has been covered in one time step less

3.4. Communication complexity

The proposed algorithm is based on local communication énmtieed, a node only needs to know the position of
its neighboring nodes and the surrounding obstacles tcatakevement decision. In the sequel, the term “broadcast”
stands for message propagation in a node’s neighborhootharntdrm “flooding” refers to network-wide message
propagation.

After a node’s movement, an update on node’s position isdmasted. The information contained in the broad-
casted message consists of the node Id and the node positignere it is worth noting that, the message size is
constant, therefore the message size iB(ib).

Nodes will update their positions and broadcast their ndarination at each time steps. Since the number of
time step is a constant value given as a parameter in ourithligorthis leads to a message sending complexity of
O(n) wheren is the number of nodes. In order to select the best populédigenerate the next generation of our
genetic algorithm, each node needs to flood the parameté@ssg#netic algorithm (constant number of parameters)
and the value of its fithess function (hnumber wiht a constinef sthe message size for the flooding is thu®{a). A
flooding algorithm from the literature can be used to dissate the information. For example, MPR [28] provides a
complexity inO(A?) whereA is the maximum node degree, which is the maximum number chopeneighbors of
a node.

4. Performance evaluation

In this section we will first introduce the simulation setumlahen we will show the qualitative and quantitative
results of our approach, when used to solve the problem ofrage. We are mainly interested in the coverage
achieved by our scheme in respect of the achievable coveNgeetheless, we will investigate the mechanisms of
genetic transmission and learning that lie behind the usdédbe fithess function. The neural network approach
does not share the basic assumption of the usual approdiduss)se while in the usual approach the behavior of
nodes is pre-programmed (e.g., the attraction-repulsiocet in the force-based approach), neural network makes
the behavior emerge from learning and interaction of theesodOur first objective is to focus on this emerging
behavior, its fectiveness in its simplicity. Thus, a performance comparisf our scheme with a scheme using
another approach would not be fair and it would be out of tlipe®f this work.

4.1. Smulation setup

The proposed scheme is evaluated by simulations using FREM®ich is an open source framework for evo-
lutionary design. In Table 1, we reported all the simulagi@mameters used in this work. We consider a 40 cells x
40 cells field, where a variable number of nodes (n) is depl@exording to a random uniform distribution and a
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variable number of obstacles is present (0). Also obstagkeglaced according to a random uniform distribution in
the field, but they can not create areas inaccessible foralesa Cells containing obstacles are subtracted from the
achievable coverage. In our scheme, obstacles are coegdiolepenetrable, thus limiting both nodes movement and
coverage. In fact, all the cells in the coverable area of arthdt are shadowed by an obstacle are not considered
covered. The shadow area depends on the sensing range afdtheFrom some simple calculations, we can derive
an overestimation of the average number of cells shadoegpdvhien an obstacle is present in the coverage area of a
node:

N0+ Dmer -1
es= 4r(r +1) )

wheremis the number of cells in the first frame of cells around theen@iwhen cells are square). If we assume
r = 2, from (4) we can see that the presence of an obstacle inmdmterage area of a node creates a shadfaste
that involves, on average, 2 cells (one for the physicalgires of the obstacle and one because of the shadow). This
is actually an overestimated value that does not take irtolatt the possible overlapping shadow areas of obstacle, in
fact the exact average value is slightly lower (1.94 celtsfach obstacle). In any case, this means that even when the
number of nodes is exact to cover the whole field, there wiliteas uncovered due to the shaddtea of obstacles.

Table 1: Simulation parameters

Scenario parameters

Grid height (h) 40 cells
Grid width (w) 40 cells
Number of nodes (n) 32:96
Sensing radius (r) 2 cells
Percentage of obstacles (0) 0+20 %
Maximum number of time steps (#tingtepsmax) 100
Number of runs (runs) 10

Neural network parameters
Total number of neurons (N)

[
w

Number of input neurons (1) 9
Number of hidden neurons (H) 2
Number of output neurons (O) 2
Genetic algorithm parameters
Population size (P) 300 chromosomes|
Number of generation (g) 100 generations
Percentage of elite selection (e) 15%
Percentage of mutation (mu) 45%
Percentage of crossover (c) 30%
Percentage of randomly createfiisprings (¢f_c) 5%
Percentage of randomly selecting dfspring from previous generationf{cs) 5%

For our quantitative analysis, we will take into accountyottile physical presence (and not the shadfiect)
of the obstacles by using the telwoverable area, which indicates the total number of cells where no obstaale
present. Before starting the real simulation, we ran somtesimulations in order to determine the right number of
time steps and generations needed to reach a stable covélragse results are illustrated in the next subsection, but
the values used for the simulations are reported in Tabléohgawith the parameters related to the neural network
setup and the genetic algorithm setup. All the results haem laveraged over 10ffirent runs in order to respect a
confidence interval of 95%.

4.2. Results

A representation of the initial random deployment of thea®is reported in Figure 4a and 4b, the figures show
the scenario with 64 nodes, no obstacles (a) and 10% of dbstén), respectively. The figures are also useful to
understand how the discretization has been realized, hewdberage area of a node and the overlapping areas are
intended, and finally how obstacles impact on movement,regeeand communication. In Figu@c and??d we
show the snapshot of the same scenarios after a training iid$0 generations. It this possible to appreciate how



nodes have been able to learn the correct placement, intordever the whole field when no obstacle are present (c)
and as much as possible when obstacles are present (d).

(© (d)

Figure 4: Initial random deployment of 64 nodes= 2 cells) in a 4&40 cells grid with no obstacles (a) and with
10% of obstacles (b). WSRN self-deployment using the evohedal network with no obstacles (c), and with 10%
of obstacles (d).

Before discussing the results about the coverage, we wgnstify our choice to use 100 time steps and 100
generation in the neural network simulation and the geradgiarithm, respectively.

Figure 5a shows the achieved coverage (in % in respect ottlievable coverage) after 100 time steps for variable
number of nodes (32, 64 and 96) and percentage of obstaéles (@ and 20%). As we can see, after a few number
of time steps (less than 30), nodes have learnt enough tb eestable placement and they are not be able to improve
furtherly their coverage. Only the case with 64 nodes andasteeles shows that nodes continue learning till the 80th
time step. In any case, 100 steps is a good value for all thelated scenarios. In the same way, Figure 5b shows
the value of the fitness function (that includes coverage'speed” in covering the area) in the same aforementioned
scenario. In all the simulated scenarios, the neural n&tigable to learn how to maximize the fitness function after
about 25 generation, therefore 100 generations seems agmaidation condition for the training phase.

From Figure 5b we can also appreciate other valuable infilomawhich is the “quantity” of information that
generation by generation is learnt from the nodes, and hksio ‘tspeed” in learning new information. In order to
give a quantitative idea of these two information, we defitiedindexI L, which stands for incremental learning, as

follows: ) )
_ fitness(g) - fitness(1)

IL= fitness(100) ®)
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Figure 5. Progress of the achieved coverage over the timesimg the neural network (a). Evolution of the neural
network over generations in terms of achieved fithess vélue (

where fitness(x) is the value of the fitness function at the generattorin Table 2, we reported the values of
IL for all the simulated scenario, when the generation ine®a%/e can observe that when the number of nodes is
enough to cover the whole field (64 and 96 nodes), an increatbe ipercentage of obstacle$eats the capacity to
learn. This is not the case when the number of nodes is low ¢82s) and they have more space to move without
interfering with each other. When no obstacles are predemtdnfiguration with 64 nodes is the “optimal” to cover
the whole simulated field with no overlapping areas. In thel@ave can see that in the configuration with 64 nodes,
nodes are able to learn more and quicker than the corresmpodnfigurations with 32 and 96 nodes. This means
that an “optimal” number of nodes turns into an optimal numtfdearners. Improvements in the learning process
would not come from an increase in the number of nodes beyandgtimal value but by an evolutionary step, such
as a new input for the neural network on the nodes.

Table 2: Incremental learning generation-by-generatiomliiterent scenarios

[ g J] n=320=0 [ n=320=10 [ n=320=20 | n=640=0 [ n=640=10 | n=640=20 [ n=960=0 | n=96 0=10 | n=96 0=20 |
5 0.06625 0.08665 0.07993 0.24768 0.15798 0.09034 0.29268 0.11959 0.07245
10 0.09000 0.11932 0.10480 0.31872 0.19664 0.13188 0.33583 0.15921 0.10376
20 0.09000 0.14631 0.12078 0.36195 0.22185 0.17342 0.34209 0.17461 0.15116
30 0.09000 0.14773 0.12966 0.38851 0.23445 0.19626 0.34209 0.19002 0.16011
40 0.09000 0.15483 0.13854 0.39222 0.23782 0.20872 0.34209 0.19369 0.16637
50 0.09000 0.16193 0.13854 0.39222 0.24706 0.21703 0.34209 0.19516 0.17174
60 0.09000 0.16761 0.14387 0.39222 0.24706 0.21703 0.34209 0.19736 0.17174
70 0.09000 0.17188 0.14387 0.39222 0.24706 0.22118 0.34209 0.19809 0.17352
80 0.09000 0.17188 0.14565 0.39222 0.24706 0.22534 0.34209 0.19809 0.17800
90 0.09000 0.17614 0.14920 0.39345 0.24706 0.22845 0.34209 0.19809 0.17979
100 0.09000 0.17756 0.15275 0.39345 0.24706 0.22845 0.34209 0.19883 0.17979

Figure 6a shows the percentage of coverage achieved daldutarespect of the coverable area, as ratio of the
number of covered cells over the number of total cells in tte, @xcept the obstacles. The neural network approach
is compared with the maximum achievable coverage, the ageeachieved by a random deployment, which we
consider as the best and the worst case, respectively angpameah based on the concept of virtual forces among
the nodes, the VFA [29]. The figure is drawn for 10% of obstaaleen the number of nodes increases. From Figure
6a, we can see that for very low and very high number of nodestinve of the neural network approach and the
maximum achievable coverage are very close to each otherintesmediate number of nodes the two curves are
more distant, in particular for 64 nodes we have both theibgstovement in respect of the random deployment and
the highest distance from the maximum achievable. VFA Yadlehe same shape of our approach, but in the same
conditions is not able to reach the same coverage. This lmhaeven more evident in Figure 6b, where we plotted
the coveragefliciency of a single node, in terms of average number of celleraal by a node. Also in this figure the
neural network approach, the random deployment and thenrmewiachievable, are plotted when the node number
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Figure 6: Comparison of achieved coverage percentage (hhades coverageffeciency (b) between the neural
network approach, the random deployment, the maximum ealie coverage and the VFA, when the number of
nodes increases and 10% of obstacles are present.

increases. Note that the average value of maximum acheeabkrage per node is constantly 22.5 cells (and not 25,
because 10% of obstacles is uniformly ditributed on the fieidnumber of nodes lower than 64, and then it decreases
more than linearly, whereas the coveraffeceency for the neural network approach decreases lineatlys interval
considered.

For all the aforementioned considerations about the corafigun with 64 nodes, and because it is the exact
number of nodes to cover the whole considered area withautapping, we decided to analyse its performance more
in detail. In Figure 7 we plot the achieved coverage in respithe percentage of obstacles present on the field for the
neural network approach, the random deployment and the WWethave not plotted the achievable coverage, because
in the scenarios with 64 nodes the whole area (100%) is cbieer®bviously, in the presence of obstacle, our neural
network has the possibility to exploit the learning captibd and outperform the random deployment approach. The
interesting consideration is that for an increasing peaeggnof obstacles, the neural network approach decreases it
performance more than linearly. As we already mentioneglptiesence of a one-cell obstacle counts almost as two
cells lost in the coverage, because of the physical impeadiried the shadowfkect, therefore a high percentage of
obstacles strongly limits the evolutionary capabiliti€she nodes. The only solution to change the slope of the curve
in Figure 7 is to allow nodes to make an evolutionary step bijuising more input related to the presence of obstacles.
Concerning the VFA, we considered the obstacles in an exfaghion and we give to the obstacles a repulsion force.
As we can observe from the 7, VFA follows the same shape of ppraach, but the total coverage that is able to
reach is always smaller than our scheme.
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Figure 7: Comparison of achieved coverage percentage betilve neural network approach, the random deployment
and the VFA, when the number of nodes is fixed to 64 and the p&rge of obstacles varies.

Finally, we want to understand thé&ect of the time in the learning process of the nodes. We dedigre fithess
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Figure 8: Time step in which a given coverage percentuagssitioid is reached for the scenario with 64 nodes and
10% of obstacles (a), Average number of movements neede@dyy rode to reach a stable coverage, when the
number of nodes is fixed to 64 and the percentage of obstaatiEes\(b).

function in a way that would award quick populations to traitsheir genes to successive generations. Figure 8a
shows the time step when a given coverage threshold is athiey the population of éierent generations. The
scenario is still 64 nodes and 10% of obstacles. We can seenhean the generation increases, higher percentage of
field are covered by the nodes, and, above all, that the saroerpgage of coverage is achieved in a shorter time. This
is exactly the behavior we tried to impress into populatienas by including the time into the fitness function. Since
we claim that the proposed neural network approach is fleaaitdl appliable to a real case, we also investigated the
number of nodes movements needed to reach the expectedgevén Figure 8b, we plotted the movements needed
in the scenario with 64 nodes and an increasing percentagiestdicle. The number of movements gives a measure
of the energy needed for the deployment. In our scheme ordynmovement is admitted for each time step. Thus,
the energy consumption is implicitly reduced when the thalper of time steps needed to reach a certain coverage is
reduced, by exploiting the learning capabilities of theesd

5. Conclusion and futuredirection

In this work an algorithm for nodes self-deployment aimedniaximize coverage in WSRN has been proposed.
The algorithm is based on neural networks and genetic dfgpsi. Results show how the evolving neural network ap-
proach is suitable to solve the given problem even in presehabstacle. The approach used represents a synthesis of
the most usual approaches, because it uses concepts Ingltmgil the three most important categories of moviment-
assisted deployment algorithms. But, while in the usuat@g@ghes, the behavior of the nodes is pre-programmed
and can lead to unwanted situations, in the neural netwgrkoagh the behavior emerges from the learning process
and the interactions with the surrounding environment. difeposed algorithm achieves an high coverage of the field
while minimizing the time steps needed, and consequengyntimber of movements and the energy consumption.
The most interesting observation is that the same appraacihbe used, by introducing few modifications, to solve
different problems and pursudtérent objectives. Future works can include: the definitiomesv input for the neural
network in order to allow an evolutionary step and improwedbverage in presence of a massive quantity of obstacle:
the determination of a new neural network for the implemtorieof another self-* property for autonomous WSRNS,
and the design of new algorithms for several simultaneojectibes.
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