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Abstract—Autonomous Vehicles (AV) are used to solve the
problem of data gathering in large scale sensor deployments
with disconnected clusters of sensors networks. Our take is that
an efficient strategy for data collection with AVs should leverage
i) cooperation amongst sensors in communication range of each
other forming a sensor cluster, ii) advanced coding and data
storage techniques for easing the cooperation process, and iii)
AV route-planning that is both content- and cooperation-aware.
Our work formulates the problem of efficient data gathering as
a cooperative route-optimization problem with communication
constraints. We also analyze (network) coded data transmission
and storage for simplifying cooperation amongst sensors as
well as data collection by the AV. Given the complexity of
the problem, we focus on heuristic techniques, such as particle
swarm optimization, to calculate the AV’s route and the times for
communication with each sensor and/or cluster of sensors. We
analyze two extreme cases, i.e., networks with and without intracluster cooperation, and provide numerical results to illustrate
that the performance gap between them increases with the
number of nodes. We show that cooperation in a 100 sensor
deployment can increase the amount of data collected by up to
a factor of 3 with respect to path planning without cooperation.
Index Terms—Robot sensing systems, autonomous vehicles,
path planning, network coding, optimization

I. I NTRODUCTION

A

DVANCES in sensor, computer and communications
technologies are enabling large scale sensor deployments
over wide geographic areas. Sensor nodes with sensing, communication, and computation capabilities are now available in
small form factors with minimal power requirements. Applications include environmental studies and military operations.
The problem of data gathering in large scale deployments
of sensor networks is a challenging one. The nature of the
sensor data imposes communication requirements, including
minimum throughput and maximum delay guarantees, that
need to be accounted for in the design of data collection
strategies and protocols. In addition, the communications
network may be composed of disconnected clusters of sensors.
Autonomous Vehicle (AV) control and advanced communications techniques constitute key enablers towards achieving
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large-scale data sensing and gathering in networks with disconnected clusters of sensors. In this sense, AVs act as ferries,
used to gather, store, and send data to and amongst sensors. Although previous work has considered AVs for data collection,
the problem has been approached primarily from a vehicle
control perspective where communication requirements can be
met, or not, as a byproduct of that control.
Our approach is different from currently proposed methodologies to data gathering using AVs in two fundamental ways:
(1) we rely on a holistic view of the problem, where communication and data gathering are the driving forces behind the
control of the AVs, rather than a byproduct of the control; (2)
we leverage cooperation of interconnected sensors organized
in clusters and advanced coding techniques to facilitate reliable
storage and availability of the data in preparation for a visit
from the AV and to provide higher reliability in the data
gathering process once the AV is in range.
We shall use network coding [1] as a unifying mechanism
for the latter, because its encoding and decoding primitives
remain the same for both transmission, e.g., [1],[2] and storage
of data, e.g., [3] [4]. Network coding encourages the system to
mix different data packets through coding, rather than storing
and forwarding copies of packets that are routed through the
network. Under this paradigm, it is no longer required for the
system to keep track of which packets have been received:
receivers need only aim at accumulating enough coded packets
in order to recover the data. Network coding thus enables
sensors to store some coded data from its neighbors, which
translates in the AVs communicating with a fraction of the
sensors in the cluster in order to gather the data. An AV that
need not physically visit every node will reduce the time in
each cluster, improving the overall system performance.
Seeking to characterize the gains expected from optimal
path routing with and without sensor cooperation, we make
the following contributions:
•

•

•

Fundamental Analysis: We propose a model and optimization formulations that enable us to solve the aforementioned communications-oriented route selection and
planning problem as well as studying the advantages of
intra-cluster cooperation. We analyze special cases where
the problem of data dissemination and route planning can
be solved with minimal coupling.
Algorithm Design: We propose algorithms based on particle swarm optimization to solve this problem for sensor
networks with and without cooperation. Our algorithms
scale very well with the number of sensor nodes, taking
at most 4 seconds to calculate the path for 100 sensors.
Performance Evaluation and Comparison: We compare

c 2012 IEEE
0733-8716/12/$31.00 

SUJIT et al.: BRIDGING COOPERATIVE SENSING AND ROUTE PLANNING OF AUTONOMOUS VEHICLES

913

the performance of our mechanisms with a sequential,
a greedy, and a traveling salesman inspired data collection techniques. We also illustrate numerically the
performance gap amongst networks with and without
cooperation and show that our cooperation algorithms can
recover up to 3 times more data than the TSP-inspired
algorithm for the same mission time.
II. R ELATED W ORK
Optimal route or trajectory planning has been an essential
optimization problem for several decades, targeting different
applications and objective functions to optimize [5]. However,
route planning for unmanned vehicles, especially with kinematic constraints, has been addressed only recently [6][7].
More recently, communication-aware routing and trajectory
planning has become an area of keen interest to different
robotics and communication communities [8] [9] [10].
The problem of communication-aware route planning is typically used for target tracking applications with multiple robots
where the objective is to design the routes for each robot
in order to preserve communication connectivity between the
robots [11]. Due to inherent issues with communication and
NP-Hard nature of the problem, optimal route planning is still
an open issue for real-time applications. Most of the solutions
are developed with heuristics that optimize certain objective,
e.g., communication bandwidth [8], interference [12].
Our approach aims to propose strategies for the AV to
plan its route to meet certain communication and networking
objectives. Hence, our problem is not purely vehicle route
planning [13] and does not use communication-awareness for
multiple AVs to ensure proper coordination of joint actions.
Perhaps the closest work is that of Ref. [9], which studies a
special case where a robot visits sensor nodes to gather data. In
particular, Ref. [9] focuses mostly on strategies to shut down
and wake up the sensors to attain a good trade-off between
the sampling time, related to the time the robot waits for the
sensor to wake-up, and the overall energy expenditure of the
system. However, the communication-awareness is severely
limited and only used for the robot to position itself to
enhance the link quality once the sensor has awaken. We shall
advance beyond this simplified case to consider i) cooperation
between adjacent sensor nodes using network coding, and ii)
trajectory planning based on communication objectives and
channel restrictions.
Network coding first appeared as an information theoretic
multicast problem [1]. Refs. [14] and [15] showed linear codes
over a network to be sufficient to establish any feasible multicast connection. The emergence of Random Linear Network
Coding (RLNC) [16] led to practical applications in which
the nodes in the network generate linear combinations of
information symbols using random coefficients in a Galois
field. Typically, these random coefficients are sent in the
header of the packet that carries the coded symbols, which
enables the receiver to learn the coding matrix and recover
the original data by Gaussian elimination. Network coding is
thus making a transition from an information theoretic result
to real-life systems with applications to increased throughput
[17], reduced delay [18] [19] [20], reduced energy [21],

Fig. 1. Path selected for data gathering (a) without intra-cluster cooperation,
and (b) with intra-cluster cooperation

increased data persistence [2], enhanced peer-to-peer content
delivery [22], data dissemination [23], and distributed storage
[3][4]. Our work differs from previous work in that the
dissemination and storage of the data is not driven only by
the nature of the content, but also by the crucial interaction
with the AV responsible for the final gathering of the data. A
holistic, application-driven approach to dissemination, storage
and data gathering using AVs has not been considered in the
literature before our work.
III. P ROBLEM D EFINITION
We focus on determining maximal paths to collect data from
N geographically deployed sensors. The region is bounded
and denoted by X ⊂ R2 . Each sensor node is denoted as Si
and its location is represented as Li = {xi , yi }, i = 1, . . . , N .
The set of sensor nodes is represented as N . The communication range of the sensor nodes could be large enough to allow
communication with other sensors. Assume that there are K
clusters and each cluster Ck , k = 1, . . . , K each consisting of
a subset of connected nodes. For simplicity, any sensor node
Si is denoted as s.
We assume that there is a single AV, whose objective is
to gather the data at the sensors and deliver it to a base
station (BS) located at Lb = {xb , yb }. The AV location is
denoted as x̄ = {xa , ya } and has a velocity of v m/s. We
assume without loss of generality that the AV is launched
from the BS and must return to it. All sensors are capable
of communicating to the AV and to each other if they are
within communication range. We assume that the time for the
AV to prepare and switch communication from one sensor to
the another is negligible. We also assume that the AV has an
omni-directional antenna. Each sensor s has Ms data packets
to deliver to the BS, each of size b bits and assume that this
information is known a priori to the AV. This assumption is
valid for certain applications and deployments. For example,
if a sensor deployment is measuring environmental data at
a fixed sampling rate, the starting time of the sampling is
known, and the starting time of the mission is also known,
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then a planner can have a good estimate of the data available
in each sensor before starting the mission. Consider also the
case of a system designed to gather the data of a certain time
period, thus the amount of data available at each sensor is
known at the time of planning.
For the present analysis, we focus on two extreme cases:
i) no cooperation, where the AV needs to communicate to
each and every sensor (Figure. 1 (a)), and ii) full cooperation,
where the AV can communicate to a subset of the sensors
in each cluster to retrieve the data because the sensors have
previously exchanged it amongst each other (Figure. 1 (b)).
For the latter, each sensor may contain more than its own
data after the cooperation process and before the data is
gathered by the AV. We emphasize that we do not impose
the need of a cluster head that gathers the data. Also note that
Figure. 1 provides a simple example to illustrate the benefits
of cooperation towards reducing the path length to gather the
data. Networking mechanisms and network coding play a role
in the cooperation and data storage that precedes the AV’s
visit to different clusters. Finally, note that the first case can
be though of as a special case of the second case where there
is a single sensor node in each cluster.
For this work, we assume that the cost of cooperation for the
sensors or, more specifically, the cost of data dissemination in
preparation for the data collection process is negligible. Future
work shall consider explicit trade-offs when the cost of cooperation is accounted. However, we do propose mechanisms to
determine the minimum amount of data required at each node
in order to provide optimal performance in terms of route
planning.
We shall define Rs (x̄) as the communication rate (goodput)
of sensor s when the AV is at location x̄. For case i) this
metric constitutes the key to establishing communication to
each sensor. When x̄ is beyond Rci of sensor node s then
Rs (x̄) = 0. For case ii), the metric of interest for cluster
k is Rk (x̄) = maxs∈Ck Rs (x̄), where we assume that only
one node can communicate with the AV at each time but that
several nodes in cluster k can communicate to the AV during
the mission to forward the clusters data. Communication is
established through the cluster’s sensor with the best goodput
to the AV. Although we focus on two dimensions, a similar
analysis can be carried out for three dimensions.
Note that Rs (x̄) can incorporate a variety of effects, including modulation, physical (PHY) layer coding, antenna characteristics of sensor s, and channel characteristics. The simplest
example would be considering an additive
white Gaussian


Ptx 1
noise channel, where Rs (x̄) = B log2 1 + N0 B rα , where
s,x
Ptx is the transmission power, α is the path loss exponent, B
is the transmission bandwidth, rs,x is the Euclidean distance
between x̄ and Ls , and N0 is the noise spectral density.
We define the path of the AV for the overall data exchange
process as γ : I → X, where I is the interval over which
the path is defined [33]. The path γ is a continuous function.
Assume that as the AV moves along γ, it can communicate
with a node s for time as to bs . We define γs = {δ̄s (t) : as ≤
t < bs } as the communication path with sensor s, with starting
time as and ending time bs , and where δ̄s (t) = {xa (t), ya (t)}
represents the position of the AV at each instant t.

A. Minimizing the Mission Time
If the goal is to minimize the mission time, i.e., the time it
takes for the AV to return to the base station after collecting
data from the sensor network, we focus on the amount of data
present in each sensor that needs to be gathered by the AV.
Let us define M̄s as the amount of data in bits available at
sensor s, but not necessarily generated solely in s. For the
case of no cooperation, the amount of data in bits that can be
gathered from each node s is given by
 bs
M̄s = Ms · b ≥
Rs (δ̄s (t))|δ̄s (t)|dt,
(1)
as

|δ̄s (t)|

represents the Euclidean norm of the derivative
where
of δs (t).
For the case of cooperation, the constraints are different,
because it is only needed for the cluster to deliver enough
data. For each cluster Ck , we need

  bs
M̄Ck = b ·
Ms ≥
Rs (δ̄s (t))|δ̄s (t)|dt. (2)
s∈Ck

s∈Ck

as

However, each node will have a constraint related to how much
data it contains (including its own data and that of others), i.e.,
 bs
(M̄s + rs ) · b ≥
Rs (δ̄s (t))|δ̄s (t)|dt
(3)
as

where rs ≥ 0 constitutes the additional data from other nodes.
The latter is valid if we assume the additional data stored at
each sensor constitutes a random linear combination of packets
of the entire cluster. Otherwise, if each sensor were to store
data packets of other sensors, additional constraints would be
necessary to account for this fact in order to guarantee that
no data repetition occurs during the data gathering process
and that the same data packet is not counted as separate data
packets. Of course, if every sensor were to store a redundancy equivalent to all data packets of the cluster, network
coding would not be necessary for the purpose of efficient
data storage. However, it can still have impact on the data
dissemination process in preparation for data collection, e.g.,
consider the dissemination problems in [23], [24], [25], [26].
Clearly, a joint optimization of the route of the AV and the
data dissemination process must be performed. However, we
show that we can decouple both problems (Theorem 1) under
certain conditions, which allows us to find a data dissemination
and storage distribution across the network that still guarantees
optimal performance (Theorem
2).

Theorem 1: If rs = t∈Ck ,s=t M̄t , ∀Ck , s ∈ Ck , then the
problem of determining optimal data collection route of an
AV with cost-free cooperation is decoupled from the data
dissemination problem.
Proof: The condition implies that all nodes in each cluster
have exchanged their data with all other nodes in their cluster
prior to the arrival of the AV. Any node of a cluster can provide
all data. Solving the optimal route problem does not depend
on the specific distribution of the data in the network.
Theorem 2: If the optimal data collection route
problem is
solved under the assumption that
rs =
t∈Ck ,s=t M̄t , ∀Ck , s ∈ Ck , then the additional
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data, rs∗ , that need be present at each node besides its own is
given by
  bs

rs∗ = max 0,
Rs (δ̄s (t))|δ̄s (t)|dt − M̄s · b . (4)
as

Proof: The proof follows from using Theorem 1 and
realizing that the condition on rs relaxes the problem of
data distribution across each cluster. Once the path has been
planned, the AV will communicate with a subset of the nodes
to exchange data. Since each node can always communicate
its own data, rs∗ provides a measure of how many additional
independent linear combinations (independent from the ones
collected in other nodes in the cluster) are necessary from each
node s. An rs∗ = 0 may mean that either no communication
with s is established or s communicates a fraction of its own
data.
Efficient data dissemination strategies can then be derived to
provide the required rs∗ . Although we provide a connection
of this problem with an information flow formulation that
account with the network’s connectivity graph to provide a
lower bound on the cost of dissemination, specific strategies
for that dissemination shall be the focus of future work.
B. Maximizing collected data under a fixed mission time
Most AVs (unmanned aerial, underwater or ground) have
a maximum mission time determined by the amount of fuel
that the vehicle can carry. Given a maximum mission time T
for these scenarios, the goal is to determine a path γ that
maximizes the data obtained from the sensor nodes under
cooperative and non-cooperative frameworks. The path should
begin and end at the base station and take less than T units
of time. The objective of the problem for the non-cooperative
sensor networks is:
  bs

Rs (δ̄s (t))|δ̄s (t)|dt
(5)
max
k∈{1,...,K} s∈Ck

as

Subject to : f (γ) ≤ T

(6)

Eq. (1)

(7)

where f (γ) is the time taken by the AV to travel the path γ.
Remark 1: For the case of cooperation between nodes, a
similar optimization is derived where Eq. (1) is substituted by
Eq. (3) and Eq. (2).
To maximize the objective function, the data acquired by
the path must be maximized. A straightforward solution is to
convert the route planning problem into a traveling salesman
problem (TSP). The TSP solution will allow the vehicle to
visit every node and collect the information. However, when
the number nodes is larger, the path given by the TSP may
not satisfy the fuel time constraint. In that case, some of
the nodes must be removed optimally and a new TSP must
be solved. As the TSP is NP-Hard, removing the nodes and
solving a new TSP introduces additional and non-negligible
complexity to the problem. Moreover, our general formulation
considers a varying transmission data rate depending on the
position of the AV, which cannot be incorporated into a TSP
trivially. The solution provided by TSP is thus far from optimal
and further optimization of the solution would be required,
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e.g., in terms of defining the position of the cluster that
the AV must visit, which will depend on the rate and the
amount of data available at the cluster. Therefore, we use
particle swarm optimization (PSO) technique to determine an
optimized path that will provide close to optimal solutions
to the route planning problem. PSO has shown promise in
determining close to optimal solutions for several applications
with large number of dimensions and variables [27][28].
Inspired by these applications of PSO, we have adopted PSO
as a mechanism for route planning.
Remark 2: Straightforward extensions of Theorem 1 and
Theorem 2 can be derived for this case. The key challenge is
that we have no guarantee that all data shall be collected in
the fixed mission time.
C. Intra-Cluster Cooperation: Data Dissemination in Preparation for Data Collection
Although a joint optimization of the AV path and the sensor
cooperation process (dissemination and storage) is required
to yield optimal solutions, we have focused on mechanisms
that decouple the two problems and which are optimal under
certain conditions. For these mechanisms, once the amount
of data to be collected from each node is determined by the
path planning algorithm, a calculation of the cost of data
dissemination follows naturally. We characterize an information flow formulation that provides the minimum cost for
the data dissemination process under the assumption that the
communication topology in each cluster is known.
Remark 3: We emphasize that the current approach may
be used in an iterative algorithm that takes into account the
cost of cooperation as one of its optimization objectives. The
input to the problem studied below will be the amount of data
collected from each node at each iteration of the algorithm.
Clearly, the dissemination problem is constrained to each
individual cluster. We assume that the underlying wireless
network can communicate using a broadcast communication
channel, e.g., radio. The communication network in each
cluster is represented by an hypergraph H = (N , A), which
constitutes a generalization of a graph. In an hyperarc, i ∈ N
can be associated to one or several hyperarcs of the form
(i, J) ∈ A. An hyperarc considers a connection between node
i and a subset of nodes J ⊂ N , which are in transmission
range of node i. Each hyperarc has a cost associated to the
amount of data it transmits, i.e., f(i,J) . A valid assumption
for our problem is that the cost, say in terms of energy,
increases linearly with the amount of transmitted data, i.e.,
f(i,J) = a(i,J) z(i,J) , where z(i,J) is the amount of data
through (i, J) and a(i,J) is a constant. This assumption is
valid in wireless networks where the transmission power is
fixed and the energy consumed for transmission depends only
on the time the hyperarc is used. If the transmission power
is the same for all transmissions of node i, this means that
a(i,J) = a(i,J  ) , ∀(i, J), (i, J  ) ∈ A. If the transmission power
is adapted so that the receivers achieve at least a minimum
Signal-to-Noise Ratio (SNR), the constant a(i,J) will depend
on the transmission distance to the node that is farthest away
and the propagation loss for that channel. For example, if the
distance between i and j ∈ J is rij , the maximum distance
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α
for hyperarc (i, J) is r(i,J) = maxj∈J rij , and a(i,J) ∝ r(i,J)
for a channel with a pathloss exponent of α. More complex
propagation models can be considered, e.g., [29].
For deriving a lower bound on the minimum cost, we
shall assume that perfect coordination can occur amongst the
sensors in the cluster to avoid packet collisions. Each sensor
is a source of data and a possible destination of the flow from
the data dissemination problem.
Once the optimal route for the AV and the amount of data
that will be collected from each sensor has been determined,
we can extend the networks’ connectivity hypergraph to include these constraints. Namely, we create a virtual hypergraph
Hv = (Nv , Av ), with a new virtual node vn (representing the
AV) and additional hyperarcs of the form (i, {vn }), ∀i ∈ N ,
i.e., hyperarcs that connect vn to each physical node in the
network. The capacity associated to hyperarc (i, {vn }) is
b
C(i,{vn }) = aii Ri (δ̄i (t))|δ̄i (t)|dt while the cost associated
to using it is zero. We assume that the AV does not collect
redundant/duplicated data. The node vn constitutes the virtual
destination of all the traffic.
Finally, determining the cost of dissemination of the data
to the different sensors is solved as a multi-commodity flow
problem for the virtual hypergraph. Assuming that the cost of
transmission is separable and linear, the optimization problem
can be expressed as follows:



min

a(i,J) ziJ

subject to z ∈ Z
z(i,{vn }) ≤ C(i,{vn }) , ∀i ∈ N
  (s)
xiJj , ∀(i, J) ∈ Av
ziJ ≥
s∈Nv j∈J



{J|(i,J)∈Av } j∈J
(s)
xiJj



(s)

xiJj −

(s)
δi

(s)

(s)

xjIi = δi

{j|(j,I)∈Av },i∈I

≥ 0, ∀(i, J) ∈ Av , j ∈ J, s ∈ Nv

with

Base Station

Fig. 2.
points

Path of a potential PSO solution with the location of various way-

AV. The PSO uses these way-points to optimize their location
to maximize the data gain. A scenario with a discretized path
is shown in Figure 2. The path in Figure 2 is defined through
six waypoints W1 to W6 . Note that the waypoints do not
pass through the node centers Y1 to Y6 . We describe the PSO
basics and then provide a detailed account of how to obtain
the solution.
A. Particle swarm optimization basics

(i,J)∈Av



route

⎧
⎪
⎨M̄s
= −M̄s
⎪
⎩
0

if i = s,
if i = vn ,
otherwise

(8)

(9)

(s)

where xiJj represents the flow associated with sensor s, sent
through hyperarc (i, J) and received by nodes j ∈ J. Z
represents the set of constraints on the amount of data passing
through each hyperarc. Our formulation is inspired by [30].
IV. PATH OPTIMIZATION OF NON - COOPERATIVE NODES
The path γ is typically a differentiable function. Determining a route is difficult due to the complexity of the
problem. Hence, we discretize the path into a set of waypoints and optimize the locations of these way-points such
that it satisfies the mission time constraint and maximizes
the objective function. While traveling from one way-point
to another, the AV collects the data as described in Section
III. The way-points are denoted as Wm , m = 1, . . . , M and
the path connecting the way-points constitutes the route for the

PSO is a population based iterative optimization technique
developed by Eberhart and Kennedy [31]. The key idea
behind the algorithm is to simulate the social behavior of
bird flocks, fish schools, etc. Each particle in a swarm is a
potential solution in the search space. The particle adjusts its
velocity according to its own flying experiences and its flock’s
experiences. The PSO technique is similar to the evolutionary
computation techniques in [32], however, in PSO, each particle
can adapt its velocity to move in the search space and has
memory of its best position.
If we assume the optimization problem to be of Qdimension, then each particle in the swarm S can be represented as Xl = (xl1 , . . . , xlQ ), l = 1, . . . , |S|, where |S|
represents the number of particles in the swarm. The best
previous position attained by the particle is represented as
Pl = (pl1 , . . . , plQ ), and the velocity of the particle is
Vl = (vl1 , . . . , vlQ ). The best global position achieved by the
swarm is represented as Pg = (pg1 , . . . , pgQ ), and the iteration
number is represented as superscript β. The particles in the
swarm are updated according to the following equations
β+1
β
vld
= χ(wvld
+ c1 r1 (pβld − xβld ) + c2 r2 (pβgd − xβld ))(10)
β+1
xβ+1
= xβld + vld
ld

(11)

where d = 1, . . . , Q, r1 and r2 are uniformly distributed
random numbers between [0, 1], c1 and c2 are positive
constants representing cognitive and social parameters, w is
the inertia weight, and χ is the constriction factor. The role
of inertia weight w is to create a balance between global and
local explorations. The first iterations are targeted at exploring
the search space with a large w is reduced as the solution

approaches the optimal value [32]. The constants c1 and c2
aid in convergence of the solution. The random parameters
r1 and r2 are used to maintain the diversity of the swarm
population, while the constriction factor controls the effect of
velocity on the particles. The process of evaluating a particle,
updating the velocities and position of the particles, is carried
out for Γ number of iterations.
B. Objective function for PSO
The dimension of the PSO depends on the number of waypoints assumed for the solution. A smaller number of particles may not completely explore the search space X, while
increasing the number of way-points results in a smoother
path but at the cost of additional computational time. Hence,
the number of way-points is a design parameter. Assume that
the solution is designed using M way-points, and each waypoint is denoted as Wm = {xm , ym }, m = 1, . . . , M . Each
potential solution of the PSO (say particle Xl ) represents these
M waypoints in a sequence, W1 , . . . , WM . Therefore, the
dimension of the particle is 2M and Xl = xl1 , . . . , xl2M .
The cost associated with each particle Xl denotes two
quantities – the mission time of the path (T̂l ) and the associated
data collected while traveling the path (Jl ). If T̂l < T , only
then Jl is evaluated, otherwise Jl = 0. The mission time of a
particle (Xl ) is determined as
T̂

=

Dt

=

Db
Dt
+
, where
(12)
v
v
2M−2
 
(xld − xl(d+2) )2 + (xl(d+1) − xl(d+3) )2
d=1
d=d+2

Db

=


(x − xb )2 + (xl2 − yb )2 +
 l1
(xl(2M−1) − xb )2 + (xl(2M) − yb )2

where, Lb = {xb , yb } is the base station location.
C. Initialization of PSO solution
The convergence of the PSO algorithm depends on how
quickly PSO can determine an initial solution. As the search
space for the route planning problem is large, determining a
solution with random initialization can be time consuming. In
order to speedup the process of finding a suitable solution, we
initialize the PSO close to the location of the sensors. One
such initialization can be through the TSP solution, but this
requires the solution to have N waypoints. With large number
of waypoints, the PSO dimension will increase significantly.
For this reason, we initialize the PSO solution with M artificial
nodes determined using k-means clustering. The k-means
clustering determine k centers using the sensor node location
information. For our problem, we seek k = M centers. This
type of initialization has two advantages. The first is that the
center/artificial nodes will be in the vicinity of the sensor
nodes, thus reducing the exploration for the PSO. The second
advantage is that the dimension of the solution can be reduced
to attain a good performance with low computational time.
To illustrate the difference in performance of the PSO solution using k-means initialization, we carried out a performance

Average time to compute a simulation
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Fig. 3. Computation time of the PSO solution with k-means initialization
and without initialization for a simulation with M = 5 and N = 20 to attain
the same performance in terms of percentage of data packets. The simulation
used the same PSO parameters for both the simulations.

evaluation for 20 sensors and M = 5 waypoints. The performance of the PSO solution with and without initialization is
shown in Figure 3. k-means initialization enables the PSO to
determine better solutions than without initialization. In the
simulation section (Section VI), we use k-means initialization
for all the simulations.
D. PSO solution
The route for the objective function is determined using
the PSO update rules, objective function evaluation, and the
initialization procedures described in Sections IV-A, IV-B, and
IV-C. Algorithm 1 shows the process of determining the solution to the objective function defined in Equation 5. Initially,
one of the particles is initialized using k-means clustering
algorithm (Lines 2 and 3). Using the updated swarm, PSO
routine is executed for a pre-determined number of iterations
(Γ, Line 4).
In the PSO function, the time taken by each particle T̂
is computed. If T̂ ≤ T , then Jl = 0. Otherwise, the AV
uses the route defined by the particle to collect data from
the nodes. The data collected is accumulated into the vector
Jl . The best particle with maximum cost is determined and
the swarm positions and velocities are updated. This process
continues for Γ iterations.
Note that the, initializing one of the swarm particles is
useful only if T > T̄ , that is, the mission time T is larger than
the time taken by the AV to travel along the route determined
by the AV without stopping.
V. PATH OPTIMIZATION OF COOPERATIVE NODES
Sensors located in the communication range of each form
cooperation clusters. In this case, the nodes can share data,
which means that the AV need not travel to every node. Thus,
it can visit fewer nodes collecting large amounts of data with
smaller path length. Therefore, the route planning problem is
to determine a path that will visit each cluster. A scenario
is shown in Figure 1(b). In this case, we will leverage the
algorithm used for the non-cooperative case, but modifying
the way the objective function is evaluated by the PSO.
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Algorithm 1 PSO solution for non-cooperative nodes
1: Init: I, N , Rc , v, Lb , Γ,Swarm[|S|][2M ]
2: initialRoute = k-means algorithm(Lb, N );
3: Swarm[1][1 to 2M ] ← initalRoute
4: [route, costinfo] = PSO(Swarm, Γ)
PSO function
1: while Γ > 0 do
2:
for each Xl , l ∈ S do
3:
Calculate T̂ using Equation 12, and Jl = 0
4:
if T̂ < T then
5:
while AV reaches base station do
6:
Find sensor nodes within communication range
7:
If sensor nodes are available then collect data
from each node
8:
Update available information at the nodes
9:
Update AV position on the route
10:
end while
11:
end if
12:
Jl ← datacollected
13:
end for
14:
Determine the best particle of S and best cost
15:
Update the swarm positions and velocities using Equation 10 and 11.
16:
Γ=Γ−1
17: end while
18: return(best particle, best cost)

A. Objective function for PSO
Each cluster Ck consists of a set of sensor nodes. Assume
that the time taken for the data to arrive from one node
to another in the cluster is negligible. Each cluster can be
represented with a node having arbitrary communication range
and shape. The range and shape is determined by the location
of the sensor nodes in the cluster. A scenario of a cluster
is shown in Figure 4. The validation of the path satisfying
the mission time constraint is similar to that described in
Section IV-B. The process of collecting data is given in the
next section.
B. PSO solution for cooperative nodes
The process of determining a route that maximizes the data
gained or collected per sortie with cooperative nodes is almost
similar to that of the non-cooperative nodes. However, the
amount data that a node can have is limited by (M̄s + rs ) · b
in the cooperative sensor system, while the amount of data for
non-cooperative sensor network is limited to M̄s . Therefore,
the AV can collect more data by visit fewer nodes. We evaluate
the performance in the next section.
VI. S IMULATIONS RESULTS
We evaluate the performance of the path planning algorithms for cooperative and non-cooperative sensor networks
(Sections IV-D and V-B) using Monte-Carlo simulations for
different number of sensor nodes, mission time, and number
of way-points. The performance of our PSO strategies is
compared against three other algorithms, (i) sequential, (ii)

Fig. 4. A cluster with its communication ranges (left image) and the cluster
with its total communication range and shape which is same for any node

greedy, and (iii) TSP-based data collection schemes. These
schemes are intuitive schemes and provide a mechanism
to compare our strategies. The greedy and sequential data
collection strategies are simple to use, while the TSP approach
provides a solution that optimizes the route traveled by the AV.
A. Simulation setup
We carried out 250 simulations on an bounded region
of 200m × 200m. The location of the sensor nodes are
randomly generated using a normal distribution N (μ, σ 2 ), μ =
0, σ 2 = 1. The number of sensors N deployed varies
for different results, but we used in most cases N =
{10, 20, 30, 40, 50, 75, 100}. We have evaluated the schemes
for various mission times, namely T = {250, 500, 750}, to
determine the effect T has over the average amount of data
collected. The AV speed was fixed at v = 2m/s, which is
a typical speed for underwater AVs. The maximum amount
of data available for each node was randomly generated
using normal distribution N (μ, σ 2 ), μ = 0, σ 2 = 1, and the
maximum amount of data that a node can have is limited
to 50 units of data. In order to analyze the trade-off between accuracy and computation of the PSO solution, we
also carry out simulations for different number of way-points
W = {2, 4, 6, 8, 10} and varying the number of sensors. The
communication range of the sensor node is limited to 20m
B. Performance of cooperative and non-cooperative solutions
We considered non-cooperative and cooperative sensor networks, a mission time of 500 time units, and a PSO solution
having 8 way-points. The performance in terms of the average
percentage of collected data for 250 simulations is shown
in Figure 5. As expected, sensor cooperation allows the AV
to collect a larger amount of data than in the case of noncooperative sensor networks.
When the number of sensors is 10, the performance of
non-cooperative and cooperative strategies is similar due to
the limited number of connected sensors and thus the large
number of clusters with very few sensors associated to each
of them. When the number of sensors increases, the number
of clusters decreases while the size of these clusters increases.
Thus, the AV can collect a large amount of data while visiting
fewer sensors.
Due to cooperation of nodes, the performance of the cooperative sensor network will always be higher than that
achieved using non-cooperative sensor network. We will now
analyze the effect of various parameters on these two extreme
scenarios.
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Fig. 5. Average percentage of collected data packets of the cooperative and
non-cooperative strategies for different number of sensor nodes. The mission
time is 500 time units and the number of way-points is 8
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Fig. 8. Average percentage of data collected for different mission times
(250,500 and 750) and different number of nodes
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Fig. 6. Average percentage of collected data packets and average computation
time of the non-cooperative strategy for a mission time is 500 time units with
different number of waypoints. (a) Number of nodes is 10. (b) Number of
nodes is 20

1) Effect of change in number of way-points: One of the
main design parameter for PSO solution is the selection
of number of way-points, M . While maintaining a fixed
mission time and number of deployed sensors fixed, we study
performance and computation time for various values of M .
For our simulations, we fixed the number of iterations of the
PSO algorithm to 4000.
The performance of the PSO solution in terms of average
percentage data collected and the average time taken to
perform a simulation along with their standard deviation bars
is shown in Figures 6(a) and 6(b). Figure 6(a) shows that

increasing the number of waypoints up to M = 8 improves
the quality of the solution. However, a further increase in the
number of waypoints degrades the quality of the solution due
to the fact that the dimension of the search space increases
significantly with a higher number of way-points and a larger
number of iterations are needed to converge to a solution,
i.e., more than the 4000 iterations considered in our approach.
Figures 6(a) and 6(b) show that the computation time to carry
out a simulation increases with the number of waypoints.
Although the computation time is increasing, the average time
taken for one solution of PSO with 10 and 20 sensors is
close to 3.4 and 3.7 seconds, respectively, which is moderate.
Another conclusion is that the PSO solution scales well
with an increase in the number of sensors, with only small
additional computation time when the number of sensors is
doubled.
2) Scalability of PSO solution: In order to validate that our
proposed PSO algorithms are scalable, we carried out simulations for a fixed number of waypoints and a mission time of
500 time units. Based on the results from Section VI-B1, we
selected M = 8 waypoints for the simulations. The average
time taken to execute a simulation with its associated standard
deviation is shown in Figure 7. Note that the average time
taken for a simulation consisting of 100 nodes is less than
four seconds and that the increase in simulation time is quite
mild, which shows that the proposed PSO solution is scalable
for deployments with a large number of sensors.
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3) Effect of mission time: The performance of the solution
depends on the mission time. If the mission time is large while
holding the number of waypoints and sensor nodes constant,
then the AV can visit larger number of nodes collecting the
data. However, when the mission time is smaller, it needs to
optimize the solution in a better fashion to maximize the data
collected. To analyze this situation, we carried out MonteCarlo simulations for different mission time T = {250, 500
and 750}. For a given mission time, the simulations were
carried for varying number of nodes to ensure that the results
are consistent. For all the simulations, the number of waypoints is eight. The simulation results are shown in Figure
8.
From Figure 8, we can see that, for a given number of nodes,
the performance of the non-cooperative strategy improves with
increase in mission time. When number of nodes is 10, we can
see that the percentage of data obtained with T = 250 is very
low, while the data collected with T = 750 is high. The same
type of pattern can be seen in the figure for simulations with
other set of sensor nodes.
C. Comparison strategies
To compare the results of the cooperative and noncooperative strategies, we now describe the sequential, greedy,
and TSP based data collection schemes in detail.
1) Sequential data collection scheme: In this approach,
the AV determines the nearest sensor node to it in terms of
distance and data available to transfer. If the nearest node does
not have any data to transfer, then that node is not considered
during selection. After selecting a node, it moves towards
the center of the node. As the AV travels along the route, it
communicates with the nodes and collects data. It updates the
amount of data available at each node after receiving data from
the node. In this fashion, the AV continuously updates the data
available at each node and also its position traveling towards
the selected node center. While updating the AV position,
the AV checks if it can reach BS within T from the current
location Li . If it can reach it, then it continues the mission,
otherwise it will move towards the BS. The algorithm for this
approach is given in Algorithm 2
Algorithm 2 Sequential data collection scheme
1: N = i, . . . , M , = 0.v
2: Determine the closest node Ŝ that has data and move
towards LŜ
||x̄−Lb ||
3: while t +
< T do
v
4:
Collect data from all the nodes AV can communicate
5:
Update t and available data from all the sensor nodes
6:
If reached LŜ or M̄Ŝ = ∅ then select N \ Ŝ, and
determine the next Ŝ ∈ N
7:
If N == ∅, then Break
8: end while
2) Greedy data collection scheme: In this scheme, the
process of collecting the data within a sensor node is similar
to the sequential data collection scheme. However, the sensor
nodes are selected based on the amount of data they have. The

algorithm for this approach is similar to Algorithm 2, except
that Ŝ is selected as:
Ŝ = max M̄i .
i∈N

3) TSP solution : In this approach, a path is generated
using a TSP algorithm. The TSP algorithm determines a route
through all the sensor nodes. Assume that the time taken by the
AV to travel the route is T̂ . For a given fixed mission time of
T time units, there is no guarantee that T̂ ≤ T for all kinds of
mission. In that case, the TSP solution is not valid. In the case
of PSO solution, the PSO algorithm optimizes the way-point
locations to maximize data collection. Similarly, to maximize
the data collection for a TSP, we remove the minimum data
contributing node from the list of sensor nodes. With the new
set of nodes (N  ), we determine the TSP route time (T̂  ).
If T̂  ≤ T , then the new route is the solution of the TSP.
Otherwise, the process is repeated recursively until a route is
determined. In this fashion, the final modified TSP solution
will visit those nodes that have high data capacity and satisfy
the mission time constraint.
Note that in greedy and sequential strategies a node that has
been visited can be re-visited if that node has data. However,
in the case of TSP route, the AV cannot revisit the same node
again. The route time of the TSP with the modified number
of nodes can be significantly less than the mission time. To
provide a fair comparison with other strategies, we allow the
AV to trace back the visited route until time T  and return to
the BS. Note that during the first pass of the route, if some
nodes do not have data, then these nodes are removed and
a new TSP solution is generated. The AV uses the new TSP
route during the second pass.
D. Comparison results
The performance of the three comparison strategies against
the PSO solution for non-cooperative and cooperative sensor
network is studied through simulations considering 8 waypoints.
Figure 9 shows the average percentage data collected by
each strategy. From the figure, it is evident that the cooperative
scheme performs far better than the non-cooperative and
comparison strategies. An interesting result is that the TSP
performs similar to that of the non-cooperative strategy for
10 sensors. This can be explained by the fact that the TSP
route is able to visit most of the nodes when the number
of sensors is small, thus collecting information similar to the
PSO. However, with the increase in the number of nodes,
the TSP solution is unable to interact with a higher number
of nodes compared to the non-cooperative strategy degrading
its performance with respect to the non-cooperative strategy,
although still outperforming the more naive strategies (greedy
and sequential).
Figure 9 shows that a deployment with 100 sensors can
increase the amount of data collected by a factor of 3 with
respect to the TSP-based approach and by a factor of 2 with
respect to the PSO solution without cooperation.
From the results presented in this section, the proposed PSO
solution for non-cooperative and cooperative strategies can
provide quality solution for the joint optimization problem.

Average percentage data collected
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with different number sensor nodes.

The proposed solution is scalable and multi-objectives can be
handled easily. Finally, we observe that the performance gap
between cooperative schemes and non-cooperative schemes
increases with the number of nodes.
E. Discussions
The solution proposed in this paper can be used in several
large scale data collection applications. For instance, the
solution can be used for an AV to fetch data from sensors
located at geographically distant places. Such applications
include, collecting data from volcanic region, national parks,
ocean observatories, etc.
There are several directions in which the scope of the
problem can be extended considering the geographical displacement of the sensor nodes. If the nodes are dispersed
with significant distance, then multiple AVs can be used to
collect data. In this case, the AVs have to cooperate with each
other to optimally allocate the nodes. Deploying multiple AVs
will further enhance the mission robustness. In the case of
underwater deployments, the presence of a low rate and high
latency communication channel makes developing cooperative
mechanisms a challenging task, but one that can significant
impact the mission time.
VII. C ONCLUSIONS
In this paper, we have analyzed fundamental characteristics and limitations of data gathering with AVs in sensor
deployments organized in clusters of wirelessly connected
sensors. For the case of intra-cluster cooperation, i.e., sensors
within the cluster can disseminate their data to others, a
joint optimization of the AV’s route and the dissemination of
data within each cluster is necessary. However, we proposed
mechanisms to minimize the coupling between route planning
and dissemination without loss in performance. The use of
network coding reduces the required coordination amongst
sensors and increases the ability of the system to gather large
amounts of data compared to non-cooperative clusters.
We have also developed sub-optimal but efficient solutions
for collecting large scale data from a set of sensor nodes.
We proposed solutions for designing a path planner that
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maximizes the data gained from the sensor nodes under noncooperative and cooperative frameworks. The solution is based
on particle swarm optimization, which optimizes the locations
of the way-points for the AV to maximize the data collection.
The performance of our PSO schemes are compared against
sequential, greedy, and TSP-based solutions. The simulations
show that our PSO-based solutions are far better than the
comparison algorithms. In the future, we will investigate how
multiple AVs can be deployed, how practical cooperation
mechanisms can be designed for large scale data collection,
and study the effect of packet losses and the benefits that can
be reaped from network coding in these scenarios. Future work
will also consider the case of data with different priorities. If
there is a notion of critical data in each sensor cluster, the
algorithms could follow various approaches to guarantee the
recovery of the critical data, from off-loading the critical data
first when each cluster is visited to give different weights to
critical packets in the path planning process so that the AV has
an incentive to visit each cluster for sufficient time to gather
the critical data packets.
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