
Online, Adaptive, and Distributed Multi-Robot Motion Planning for

Collaborative Patrolling of Sparse Sensor Networks

Theofanis P. Lambrou and Christos G. Panayiotou

Abstract— This paper presents an online, adaptive, distribu-
tive and collaborative path planning method for a team of
autonomous mobile sensors that enables them to navigate
through a sparse network of stationary sensors to search for
events and improve the spatio-temporal coverage of the sensor
field. The mobile sensor nodes have limited communication
and sensing ranges and collaborate to autonomously plan their
trajectories, adapt to the local region they monitor and enhance
the area coverage over time under constrains like obstacles,
collisions and limited communication. In this context, this paper
addresses the trade off between area coverage and mobiles’
travelled distance and proposes an adaptive speed model to
minimize the distance the mobiles travelled and hence the
energy needed for mobility. Finally, simulation results indicate
the effectiveness of the proposed approach over a centralized
partitioning approach under mobile sensors failures.

I. INTRODUCTION

This article investigates the path planning problem for

improving the coverage and detection performance of mixed

WSNs consisting of both static and mobile nodes. With

recent advances in distributed robotics and low power em-

bedded systems, such mixed WSNs are becoming attractive

as covering complectly a large region of interest with static

sensors requires excessively dense deployments which im-

plies prohibitive cost. However, controlling the motion of

mobile sensor-robots in such distributed environments is of-

ten complicated by factors as resource constraints on sensing,

motion, communication and computation capabilities, uncer-

tain nature of the environment (e.g. obstacles, hazards, node

failures) and distributed-asynchronous information sharing.

Such mixed WSNs are expected to find potential ap-

plications in environmental monitoring (e.g. water bodies

monitoring) as well as search and surveillance operations.

Search and surveillance is a problem that has attracted

significant attention over the past years, however, there is

significant focus on how to allocate search effort across the

environment instead of finding the best search path to follow

[1], [2]. Recently, wireless sensor networks (WSNs) have

been proposed to address the area monitoring or surveillance

problem with either stationary nodes [3], [4], mobile [5], [6],

[7], [8], [9] or both types of nodes [10], [11], [12], [13].

Mixed/Mobile WSNs is a new area of research and methods

proposed usually considered random mobility models [5],

[11], [14] or they do not even consider the actual path

that mobile nodes should follow [6],[15] (e.g. solve the

redeployment problem). Moreover, other methods proposed
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for finding the worst-case coverage path [16] do not consider

the complete coverage-search problem and provide only a

single path between two given points in a centralized and

static manner (do not consider changes in the field) and hence

do not support multiple mobile nodes.

In [12], an architecture is developed that enables the col-

laboration of mobile and stationary sensor nodes in WSNs.

Mobile sensors plan their trajectories to sample the least

covered areas by the stationary sensor nodes. The framework

developed is easily scalable to large numbers of mobile sen-

sor nodes and for different WSNs deployments and enables

mobile sensors to compute their path on-line using only

“local” information and adapt to the sensor field changes.

This paper extends and generalizes the framework proposed

in [12] by incorporating a probabilistic sensing model and

a dynamic speed policy. In addition, the approach is now

applicable for mobile nodes with variable speed and sensor

fields that include obstacles. The main contribution of this

paper is the development of an adaptive speed policy that

maximizes the area coverage and at the same time minimizes

the total distance travelled by mobiles (energy needed for

mobility).

The remaining of the paper is organized as follows.

Section II presents the distributed-collaborative path planning

framework for mixed WSNs. Section III investigates the

performance of the proposed framework and presents the

simulation results. Finally, the paper concludes with Sec-

tion IV.

II. PATH PLANNING FRAMEWORK

In this section we present a collaborative framework where

the mobiles nodes autonomously decide their path to sample

the areas least covered. In this architecture, at every step, the

mobiles define a “local” area around their current location

and identify the biggest coverage hole which becomes their

next target point. Target points are then updated in a receding

horizon like scheme. This approach works well and given

enough time complete area coverage can be achieved.

At this point its worth pointing out that alternative path

planning approaches like potential function techniques usu-

ally fail to address the problem under consideration as they

get stuck in local minima or oscillate between two closest

points [17]. Solutions provided to overcome the problem

of local minima, when planning with potential functions,

like wave-front planner [18], and navigation functions [19],

[20] still fail to address the problem. Wave-front planner

needs to search the entire space for a path each time the

path is updated which is computationally intractable. On the
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other hand, navigation functions assumed that obstacles are

circular disks that do not intersect and the configuration space

is bounded by a sphere (or a star) space. These assumptions

are not satisfied in our setting.

Therefore, efficient path planning under random static

sensor deployments is complicated, especially when the

algorithm is intended to be robust to the sensor field density.

To resolve these issues we have developed dynamic receding

horizon policy which constitutes of appropriate normalizing

path cost functions. It should be pointed out that the proposed

path planing method is also applicable when static sensors

are absent and thus mobile robots plan there trajectories to

patrol or cover the given area under surveillance.

A. Sensor Network Model

We consider a mixed sensor network made of a large

number of sensor nodes deployed in a large region A as

shown in Fig. 1.

Fig. 1. Mixed sensor network model.

We assume that the region under monitored is a large

rectangular area A = Rx×Ry and a large set S of S = |S|
static sensor nodes are randomly placed in the area A, at

positions xi = (xi, yi), i = 1, · · · , S. In addition, we assume

that a small set M of M = |M| mobile sensor nodes

are available and their position after the k-th time step is

xi(k) = (xi(k), yi(k)), i = 1, · · · ,M , k = 0, 1, · · · . For

notational convenience, we define the set of all sensor nodes

N = S ∪M and in this set the mobile nodes are re-indexed

as m = S + 1, · · · , N , where N = S +M .

We assume that all sensors sense the environment accord-

ing to the probabilistic sensing model [21]. This model is

more realistic compared to the Boolean sensing model as it

can capture the degradation of a sensor’s sensing capability

as the distance between the sensor and measuring point

increases. In this model, a quantity ru is defined in order

to capture the uncertainty in sensor detection. According to

this model, the initial (given one sample) probability that a

sensor s ∈ N detects an event to a distance r is

ps(r) =







1, r ≤ ru
e−β(r−ru)

γ

, ru < r < rd
0, r ≥ rd

(1)

where, ru defines the starting of uncertainty in sensor detec-

tion, rd is the maximum sensing range of the node and the

parameters β and γ are adjusted according to the physical

properties of the sensor and the environment. This model

is more general because it becomes Boolean sensing model

when ru = rd. It is also assumed that all static and mobile

nodes have common communication ranges rc > rd as well

as sensing characteristics and know their location through a

combination of GPS and localization algorithms.

The neighborhood of a sensor s ∈ N is the set of all

sensors nodes that are one hop away, i.e., the nodes that are

located at a distance less than or equal to rc from s. This

set is denoted by

Hrc(s) = {j : ‖xs − xj‖ ≤ rc, j ∈ N , j 6= s} (2)

where ‖ · ‖ denotes the Euclidean norm.

In addition, we consider a set E of E = |E| point events

that can occur in A at positions ei = (xe
i , y

e
i ), i = 1, · · · , E.

These events are uniformly distributed in the areas not

monitored by the static sensor nodes and are temporally

static, i.e. they occurred continuously in time. The case of

temporally dynamic events is also addressed however it is

omitted due to space limitations.

B. Event Detection

As previously implied, all static and mobile nodes sense

the environment according to the probabilistic sensing model

and it is assumed that all sensors’ samples are temporally and

spatially independent. An event is considered as detected

(found) when is occurred at a point that falls within the

sensing range rd of a mobile sensor and the corresponding

occurrence point is sensed with probability close to 1,

given any concurrent measurements of neighboring static and

mobile sensors. In other words, a binary variable ID(ej) is

used to indicate whether an event ej has been detected or

not by a mobile sensor at the current step as follows:

ID(ej) =

{

1 if PD(ej) > τd

0 otherwise
(3)

where PD(ej) is defined below and τd is a pre-defined

threshold close to 1

PD(ej) = 1−
∏

i∈Hrd
(ej)

(1− pi(rij)) (4)

where Hrd(ej) = {i : ‖ej − xi‖ ≤ rd, j ∈ E , i ∈ N} de-

fines all sensors that are located at a distance less than or

equal to rd from the event ej
1.

C. Dynamic Coverage Ck

To study the coverage of such mixed sensor networks

we define a coverage measure called the dynamic coverage.

Unlike static coverage (defined as the instantaneous ratio of

covered area by the sensor network to the area of interest),

dynamic coverage Ck is defined as the ratio of covered area

by the sensor network to the area of interest during a time

interval [0, k]. In other words, it defines the probability that

a temporally static point event can be detected within a time

interval [0, k] by at least one sensor node in the sensor field.

A similar measure of dynamic coverage is also considered in

[5], [11], [14]. The dynamic coverage depends not only on

1Given that ej is unknown, the evaluation of eq.4 requires each mobile
to receive pi(.) of its neighbors and assumes that two events occurred at
least 2rd apart.



the sensing model, the number of nodes and node placement

strategy, but also depends on the mobility behavior of the

nodes. Hence, proper motion planning is required to exploit

the full advantage of mobile sensors.

To make the concept of dynamic coverage a computa-

tionally measurable objective, the entire sensor field area

A is discretized into an X × Y matrix Gk, k = 0, 1, · · · .

Initially, a zero value is assigned at each cell G0(i, j) = 0,

i = 1, · · · , X , j = 1, · · · , Y and then at k = 1 (first sample)

a value is assigned at each cell G1(i, j) depending on its

distance from the stationary sensors as well as its distance

for the initial position of the mobile sensors. Then, at each

step k every sensor is sampling the environment and mobile

sensors are moving around as well and thus the following

updating rule is used for the Gk matrix,

Gk+1(i, j) =



















1− (1−Gk(i, j))
∏

s

(1− ps(r̄)),

if (i, j) ∈ Dr̄d(x̄s), s ∈ N
Gk(i, j),

otherwise
(5)

where x̄s are the coordinates of sensor s (mobile or static)

in the grid Gk, Dr̄d(x̄s) is the set of grid cells covered by

sensor s ∈ N with sensing range rd, r̄ is the discretized

distance of cell Gk(i, j) from x̄s and ps(r̄) is given by eq.

(1).

The Ck represents the dynamic coverage over a time

interval [0, k] and it is an appropriate quality metric for

applications that require coverage of all locations within

some time interval. Ck also represents the probability of

detection of static events existing in the sensor field within

a time interval [0, k]

Ck =
1

X × Y
×

X
∑

i=1

Y
∑

j=1

Gk (i, j) (6)

Therefore, when temporally static events are considered,

the objective is to maximize the dynamic coverage rate over

a time interval, this objective can be satisfied by finding the

near-optimal paths to be followed by the mobile sensors in

the sensor field in a distributive and collaborative manner.

Its worth pointing out that finding optimal solutions to

any arbitrary problem instance is not possible due to the

complexity of the problem.

D. Mobile Sensor Node Model

Mobile sensor nodes can move in the sensor field and

autonomously plan their trajectories to enhance the dynamic

coverage and minimized the detection latency. The state

of the m-th mobile node at time k is denoted by its

position xm(k) and its heading direction θm(k). Each mobile

node m is capable to move with variable speed υm(k) ∈
[υmin υmax] and make path planning decisions at discrete

time intervals. Note that this model also considers the ma-

neuverability constraints of the mobile platform using some

angle φ which constrains the maximum allowed difference

between θm(k) and θm(k + 1) and allows variable speed

with maximum velocity of υmax.

Finally, we describe the information required by each

mobile in order to run the proposed path planning algorithm.

Each mobile uses a coverage cognitive map, an X×Y matrix

Pm
k , m ∈ M where it keeps the state of the field. Ideally

Pm
k should remain Pm

k = Gk at all times k, since the matrix

Gk represents the accurate global state of the field which

is used for the computation of the dynamic coverage Ck.

Clearly, in a dynamic environment where several sensors

move, fail or more sensors are added as well as due to

limited communication between mobile nodes, it is impos-

sible to guarantee that Pm
k = Gk at all times. However,

we emphasize, that the proposed algorithm, that will run

by a mobile located at some position xm(k), computes its

path based only on local information, i.e., information in the

submatrix of Pm
k that corresponds to the cells Dr̄c(x̄m(k)),

and thus, it is sufficient to have accurate information only

for the Dr̄c(x̄m(k)) submatrix. This is easily attainable since

the required information can be obtained from the one-hop

neighbors.

E. Distributed Path Planning

The path planning method is based on Receding-Horizon

approach where at each step the mobile’s controller evaluates

the cost of moving to a finite set of candidate positions and

moves to the one that minimizes an overall cost.

Fig. 2. Evaluation of the mobile node’s next step.

As shown in Fig. 2, suppose that during the kth step,

the mobile node is at position x(k) and its heading to a

direction θ. The next candidate positions are the νµ points

y11, · · · , yνµ that are distributed on a circular sector with

center x(k), radius ρ and angle θ − φ and θ + φ, where

ν ∈ {2n+ 1, ∀n ∈ Z
+}. The mobile node evaluates a cost

function J(yij) for all candidate locations (y11, · · · , yνµ) and

moves to the location x(k+1) = yi∗j∗ = x(k)+ j∗ρ
µ
.ei(θ+ϕi∗ )

where i is the imaginary unit and i∗j∗ are the indexes that

minimize J(yij),

i∗j∗ = arg min
1≤i≤ν
1≤j≤µ

{J(yij)} (7)

In this model, θ is the direction that the mobile is heading,

φ is the maximum angle that the mobile can turn in a single

step, ν×µ is the number of candidate positions that are being

evaluated for the next step and ρ is the maximum distance

that the mobile can cover in one time step when the mobile is



moving with its maximum velocity υmax. This model allows

the mobile node to select an appropriate speed level at each

time step and thus to adapt its speed based on the objectives

that its tries to achieve. Assuming that the time ts between

two consecutive time steps k and k + 1 is constant, we get

ts = ρ
υmax

= jρ
µυi

. Hence, these discretized speed levels are

defined by

υi =
j

µ
υmax, j = 1, · · · , µ (8)

The objective function J(yij) that each mobile is trying

to minimize is of the form

J(yij) =
∑

o∈O

woJo(yij) (9)

where O is a set of indexes such that the functions Jo,

o ∈ O are normalized cost functions with 0 ≤ Jo ≤ 1
and are defined to achieve certain objectives. wo are non-

negative constant weights that are used to trade off these

objectives. For the purposes of this section, O = {t, s, c, a, b}
but other functions can also be included (e.g. a cost function

that depend on time or the residual energy of mobile nodes).

In order to improve the area coverage, the mobiles should

move towards large uncovered regions and on their path,

they should try (to the extend possible) to avoid areas that

are covered by static sensors or have been covered by other

mobile nodes. For the purposes of this paper the following

normalized functions have been used: Jt(·) which penalizes

positions that are away from large coverage holes, Js(·) and

Jc(·) which penalize positions that are close to regions been

covered by other sensors (stationary or mobile), Ja(·) which

enable mobiles to avoid obstacles and Jb(·) which prevents

mobiles moving outside the region under monitored. Next,

we present the formulas of these functions.

a) Target Cost Function: At each step k, the mobile

node m uses the information stored in its Pm
k matrix to

search for the center of the biggest coverage hole (uncovered

region) at a radius rz from its current location. This can be

done efficiently using the zoom algorithm [12]. The zoom

algorithm divides the submatrix of Pm
k that corresponds to

the cells Drz (x̄m(k)) in a 2D divide-and-conquer manner

and outputs the hole center position. The center of the hole

becomes the current target destination point xt of the mobile.

The cost Jt(y) is a function that pulls the mobile towards its

target and is a function of the distance between the mobile

and the target position. This cost function is given by

Jt(y) =
‖y − xt‖

rz
(10)

In this function, rz is the maximum distance between the

mobile node and its target and is used for normalization.

The radius rz is an important parameter of the path planning

algorithm and previous results [22] indicate that is more

beneficial (achieves better area coverage and event detection

time) if the dynamic target is determined more closer (“lo-

cally”) to the mobile as opposed to more “globally”. Thus

rz range must be fairly small compared to the sensor field

area. Note that since rz ≤ rc − rd in order to have accurate

information, a smaller rz is advantageous as it implies that

less information (i.e. less computation and communication)

is needed for the coverage hole estimation.

b) Neighboring Sensor Cost Function: The objective of

this function is to push the mobile away from areas covered

by other sensors. The cost function Js(y) used involves a

repulsion force that pushes the mobile away from its closest

neighbor. The form of this function is given by

Js(y) = max
j∈Hrc (m)

{

exp

(

−
‖y − xj‖

2

r2s

)}

(11)

where Hrc(m) is the set of all nodes in the communication

range rc of the mobile m. The detection range rd quantifies

the size of the region around the mobile m to be repelled by

its neighbors.

c) Coverage Cost Function: The cost function Jc(y),
similarly to Js, is designed to push the mobile away from

areas that have been covered by other sensors (stationary

or mobile) or by itself using the relevant information from

the cognitive map of the mobile node. This function takes a

larger value if the candidate position is adequately covered by

other sensors and a small value otherwise. This cost function

is given by

Jc(y) =
1

πr2d

∑

{i,j}∈Dr̄d
(ȳ)

Pk(i, j) (12)

where Dr̄d is the set of cells that exist in a discretized disk

of the mobile’s Pk matrix, centered at the position ȳ with

radius of r̄d.

d) Obstacle Avoidance Cost Function: This function

enable the robots to avoid hitting obstacles that exist in

the environment. The obstacle avoidance cost function Ja
is similar to Js and its form is given by

Ja(y) = exp

(

−

(

ro − ‖y − x(k)‖
)10

r10d

)

(13)

where rd is the detection range and ro indicates the distance

of the obstacle’s boundary from the mobile’s current position

x(k) and its provided by the mobile’s on board range-finding

sensors such as low cost ultrasonic sensors or infrared sen-

sors. The information provided by range-finding sensors can

be combined with the model presented in Fig. 2 to associate

each candidate location yij with a cost. For instance, the

geometry of detectors can be combined with each candidate

direction ϕi, i = 1, · · · , ν to provide the distance to obstacles

associated with the candidate direction.

e) Boundaries Cost Function: For completeness, note

that another cost function is used that prevents mobiles from

stepping outside the field along with projection which means

that mobile sensors return to the interior of the field whenever

they reach to boundaries in a manner similar to that of a

light wave reflecting on a mirror. This boundary cost function

Jb(y) penalizes all candidate positions y that are not included

in the field area A and is given by

Jb(y) =

{

1 if y /∈ A
0 otherwise

(14)



F. Distributed Asynchronous Collaboration Scheme

Since each mobile determines its path autonomously, when

two or more mobiles come close to each other it is very likely

that the information they will use to estimate the next target

position will be the same and as a result they will all estimate

the same target location. To avoid this problem we utilize a

collaboration protocol that enables mobile nodes to exchange

some information in order to avoid moving towards to the

same point and search different areas.

The collaboration protocol developed is as follows: If at

step k, the mobile nodes come into communication range rc
when they were out of range in step k−1, they exchange their

entire maps Pm
k only if their coverage difference exceeds a

predefined threshold τC since the last time communicated 2.

If they are in rc at time k− 1 then they only exchange their

positions xm(k) and dynamic target coordinates xm
t (k). Note

that the Pm
k is exchanged only in an event driven way.

After a mobile node i has exchanged collaboration mes-

sages with its neighboring mobiles it has all the necessary

information to execute the collaboration protocol. Thus at

first, it merges its cognitive map P i
k with the cognitive maps

P j
k , j 6= i received from its “new” neighbors, so that it does

not explore areas already explored by other mobile nodes.

Merging policy is based on a cell value maximization rule.

Afterwards, the mobile node i utilizes the current locations

xj(k) and dynamic target coordinates x
j
t (k) received by

its neighboring mobiles j 6= i (as well as the locations

received by its neighboring stationary nodes) in order to

update its P i
k cognitive map and to avoid going towards the

same point. Thus, once the mobile i has received all target

points from its neighbors, it forms the matrix Drz (x̄i(k))
(which is a copy of the set of P i

k cells that corresponds

to the distance rz from the current position of mobile i)
and updates the Drz (x̄i(k)) matrix by assuming that these

targets points constituted covered areas. Finally, it executes

the zoom algorithm [12] where the input is the Drz (x̄i(k))
matrix and the output is the dynamic target point xit(k)
of the mobile node i which is definitely different that the

target points of its neighboring mobiles. As mobile nodes

remain in communication range there is no need to exchange

their cognitive maps since their maps are updated accurately

using the positions of neighbors. It should be pointed out

that proposed scheme is distributed (no need for a central

controller) and utilizes only local information available in

the neighborhood of the mobile node.

III. SIMULATION RESULTS

In the first simulation, we investigate the parameters of the

adaptive speed policy with respect to the average dynamic

coverage and average number of static events detected using

monte carlo simulations. We assumed 100 sensor fields with

300 randomly distributed stationary sensors and in each field

10 static events not initially detected exist. The objective is

2Each mobile must keep in its memory a communication matrix where it
tracks with which mobiles was in communication during the previous step
as well as what was its coverage value since the last time it communicates
with another mobile.

to investigate the adaptive versus the constant speed policy.

The key parameter here is µ, for µ = 1 mobiles are moving

with constant maximum speed and as µ increases more speed

levels and thus speed adaptivity is allowed, however as µ
increases computation overhead also increases. These exper-

iments refer to a square sensor field of area A = 40000m2

and the sensors parameters are set to rd = 6m with ru = 4m,

β = γ = 1. The radius rz where the dynamic target is found

is set to rz = 19m and rc = rz + rd = 25m. The weights

are set to wt = 0.5, ws = 0.2, wc = 0.3, wa = wb = 1
and thresholds for event detection and exchange of cognitive

maps are set to τd = 0.999 and τC = 5% respectively. The

mobile maneuverability parameters are set to ρ = 5m and

φ = 40◦ while for every decision νµ candidate next positions

are considered with ν = 5. Fig. 3 depicts the results for

µ = 1, 2, 4.

As shown in Fig. 3 the performance in terms of average

dynamic coverage as well as the number of events detected

increases but the total distance travelled by mobile nodes

decreases!. This is an advantageous and desirable behavior

and can be justified because using an adaptive speed policy

(i.e. modifying the speed of the mobile at each step) enable

mobiles to make more precise movements, which decreases

the distance the mobiles moved (i.e. the energy needed for

mobility) and simultaneously increases the dynamic coverage

performance over time. In other words, if a mobile considers

more candidate positions including positions that fall very

near to it, (meaning going slower or make more precise

navigation) it enables the mobile to go slower when needed

but still have the option to go fast and thus decide its next

position more accurately.

0 0.5 1 1.5 2 2.5

x 10
4

60

65

70

75

80

85

90

95

100

Distance Travelled

C
ov

er
ag

e 
(%

)

 

 

Adaptive Sampling (ρ=5 µ=4)
Adaptive Sampling (ρ=5 µ=2)
Adaptive Sampling (ρ=5 µ=1)

(a) Coverage Vs Distance.

0 25 50 75 100 125 150 175 200

1

2

3

4

5

6

7

8

9

Time Steps

N
um

be
r 

of
 E

ve
nt

s 
fo

un
d

 

 

Adaptive Sampling (ρ=5 µ=4)
Adaptive Sampling (ρ=5 µ=2)
Adaptive Sampling (ρ=5 µ=1)

(b) Detected static events Vs Time.

Fig. 3. The average coverage and average number of detected static events
accomplished by M = 5 mobile nodes after 200 moving steps for the
adaptive and constant maximum speed policies.

Finally, the last simulation evaluates the robustness of the

proposed Distributed Collaborative coverage path planning

Algorithm (DCA) with respect to the failures of mobile

sensors. The lifetime of mobile sensors is modeled as an

exponential distribution with failure rate λ = 1/T , where T
denotes the simulation time. To illustrate the effectiveness of

the proposed DCA, we have implemented another Central-

ized Partitioning coverage path planning Algorithm (CPA).

In CPA is assumed that a central controller partitions the area

under monitored into m equal partitions, where m denotes

the number of mobile sensors, and assigns each mobile to a

different partition. Fig. 4 illustrates the paths followed using



the DCA and CPA on the same sparse sensor field with 500

stationary sensors and 4 obstacles. The other parameters used

for this simulation are the same as in the previous simulation.

Note that in this scenario three mobile sensors fail before the

end of the simulation time T = 300 time steps.
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(b) Coverage path planning using the CPA.

Fig. 4. Paths followed using DCA and CPA under mobile sensor failures
in a sparse sensor field with obstacles.

The two approaches are evaluated/compared using exten-

sive monte carlo simulations for the case when mobiles

failed according to the exponential distribution with failure

rate λ = 1/300. We assumed 100 sensor fields with 500

randomly distributed stationary sensors and for each field

identical initial positions and failures of mobile sensors

are considered when simulating each algorithm. Results are

shown in Fig. 5. As expected DCA outperforms CPA in

both coverage and distance travelled performance due to its

adaptive and distributed behavior. Therefore the proposed

DCA is robust and adaptive to sensor node failures.

0 25 50 75 100 125 150 175 200 225 250 275 300

50

60

70

80

90

100

Time Steps

C
ov

er
ag

e 
(%

)

 

 

DCA
CPA

(a) Coverage Vs Time.

0 2000 4000 6000 8000

50

60

70

80

90

100

Distance Travelled

C
ov

er
ag

e 
(%

)

 

 

DCA
CPA

(b) Coverage Vs Distance.

Fig. 5. DCA vs CPA under mobile sensor failures: Average coverage
accomplished by M = 5 mobile nodes after 300 moving steps.

IV. CONCLUSION

This paper presents an efficient adaptive-distributed-

collaborative framework for mixed WSNs where autonomous

mobile sensors navigate through a sparse stationary WSN

searching for events and improving area coverage. An adap-

tive speed policy have been proposed to improve the perfor-

mance and the energy consumption of mobile sensors and

the robustness of the proposed approach has been evaluated

under mobile sensor failures.
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