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UAV-Aided Projection-Based Compressive Data
Gathering in Wireless Sensor Networks

Dariush Ebrahimi, Sanaa Sharafeddine, Pin-Han Ho, Chadi Assi

Abstract—Fifth generation wireless networks are expected to
provide advanced capabilities and create new markets. Among
the emerging markets, Internet of Things (IoT) use cases are
standing out with the proliferation of a wide range of sensors
that can be configured to continuously monitor and transmit
data for intelligent processing and decision making. Devices in
such scenarios are normally extremely energy-constrained and
often exist in large numbers and can be located in hard-to-reach
areas; the fact that necessitates the design and implementation of
effective energy-aware data collection mechanisms. To this end,
we propose the utilization of Unmanned Aerial Vehicles (UAVs)
to collect data in dense wireless sensor networks (WSNs) using
projection-based Compressive Data Gathering (CDG) as a novel
solution methodology. CDG is utilized to aggregate data en-
route from a large set of sensor nodes to selected projection
nodes acting as cluster heads in order to reduce the number
of needed transmissions leading to notable energy savings and
extended network lifetime. The UAV transfers the gathered data
from the cluster heads to a remote sink node, e.g., a 5G cellular
base station, which avoids the need for long range transmissions
or multihop communications among the sensors. Our problem
definition aims at clustering the sensors, constructing an op-
timized forwarding tree per cluster, and gathering the data
from selected cluster head nodes based on projection-based CDG
with minimized UAV trajectory distance. We formulate a joint
optimization problem and divide it into four complementary
subproblems to generate close-to-optimal results with lower
complexity. Moreover, we propose a set of effective algorithms
to generate solutions for relatively large-scale network scenarios.
We demonstrate the superiority of the proposed approach and
the designed algorithms via detailed performance results with
analysis, comparisons and insights.

Index Terms—Internet of Things (IoT), Compressed Sensing,
Unmanned Aerial Vehicles (UAVs), Drones, Wireless Sensor
Networks (WSNs), UAV Trajectory Planning, WSN Clustering
and Data Collection

I. INTRODUCTION

5G cellular systems are designed to accommodate tremen-
dous operational improvements for a multitude of vertical
sectors, including ubiquitous support of a broad range of
IoT services enabled by massive amounts of sensors that
function within an interworking framework [1]. IoT solutions
for natural disaster prediction, agricultural and environmental
monitoring, or smart cities involve the deployment of a large
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number of energy-constrained sensor nodes over given geo-
graphical areas that may include hard-to-reach regions.

In many IoT use cases, sensor nodes are required to measure
and send collected data either directly or through multiple
hops to a central unit for processing, e.g., a mobile edge
cloud within a 5G cellular base station. To enhance efficiency
and scalability, there is an inevitable need for designing inno-
vative sensor data collection mechanisms. Unmanned Aerial
Vehicles (UAVs) have recently gained increasing popularity in
the telecom industry. Among the many possible benefits of
UAVs, they can serve as an effective vehicle to collect data
from sensor nodes in dense environments [2,3]. In particular,
the flexibility to control the UAV’s trajectory facilitates the
establishment of line-of-sight connections with the sensors,
which improves the wireless channel quality, boosts the data
rate and reduces the overall energy consumption; an additional
key advantage is the ability to collect data from hard-to-reach
areas where there might be no connection feasible from the
sensor nodes to the central sink node.

In this paper, we address the problem of energy-efficient
data collection in dense Wireless Sensor Networks (WSNs)
using a UAV-assisted solution approach that is based on
Compressive Data Gathering (CDG). A deployed UAV follows
an optimized trajectory over an area of interest to collect
aggregated data from intelligently selected sensor nodes acting
as cluster heads to be delivered to a central sink node. With
CDG, rather than receiving readings from all the sensors, the
sink node receives few encoded sums of the readings from
which it can recover the original data as long as the readings
can be compressed in some sparse orthonormal transform
domain [4,5].

We assume the data generated by the sensors is compress-
ible in some transform domain, and it can be recovered at
the sink by receiving sparse projections [6]. Each projection
is gathered by establishing a forwarding tree from the sensor
nodes in a given cluster to a selected cluster head (CH) node.
Subsequently, the gathered data at the CHs are collected by
the UAV to be delivered to the sink node. Upon collecting all
projections, the sink node recovers the original data by solving
a convex optimization problem [7]. Instead of transmitting
each sensor’s readings to the CH in a separate packet through
multiple hops, the data is aggregated en-route to the CH. That
is, using CDG, the data of multiple nodes within a cluster
are encoded together if their forwarding paths overlap. This
requires the construction of an aggregation tree per cluster to
minimize the total number of transmissions and reduce the
sensors’ total energy consumption.

The main contributions of this work are summarized as
follows:
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• We mathematically model and analyze the joint problem
of optimized node clustering, forwarding tree construc-
tion and CH selection per cluster, and UAV trajectory
planning for energy-efficient data collection in dense
WSNs, using a novel projection-based compressive data
gathering approach.

• We decompose the joint optimization problem formula-
tion into four complementary optimization subproblems
to generate close-to-optimal results with lower complex-
ity.

• We design, evaluate and fine tune a set of low com-
plexity algorithms to generate energy-efficient solutions
for large-scale network scenarios. We demonstrate per-
formance effectiveness through a wide range of results
with analysis and comparisons as a function of various
parameters.

The rest of the paper is organized as follows. Sec-
tion II summarizes key related work from the literature.
Section III presents the system model, a brief description of
the projection-based CDG framework, and the problem de-
scription. The mathematical problem formulation including the
objective function and constraints are explained in Section IV,
and the decomposition into multiple complementary subprob-
lems is explained in Section V. The proposed low complexity
algorithms are then presented in Section VI, followed by
results and analysis in Section VII. Finally, conclusions are
drawn in Section VIII.

II. RELATED WORK

Previous work related to energy-efficient and timely data
collection in WSN has explored utilizing temporal correlation
among readings per sensor as well as spatial correlation among
readings from neighboring sensors to substantially reduce the
amount of data transmitted to a sink node [8]–[10]. Selected
sensors are required to transmit their readings to a remote sink
either directly or through multiple hops. In order to reduce
the energy consumption, research efforts focused on designing
solutions with mobile ground stations that collect data while
in close proximity to sensor nodes [11,12].

With the proliferation of UAV technologies and appli-
cations in diverse industries, UAVs constitute a promising
solution for efficient data collection in WSNs. The authors
in [13] investigated the problem of reliable data collection
with minimal energy consumption through jointly optimizing
UAV trajectory and wake-up schedule of sensor nodes; the
authors assume that UAVs are dispatched to collect data for
a fixed duration. When the time threshold is set to higher
values, the UAV trajectory gears closer to the sensor nodes
to improve data bit rate transmission and save energy. For a
small-sized sensor network, the proposed approach resulted
in considerable energy gains as compared to a straight flight
or to placing the sink in the center of all sensor nodes.
The performance of the algorithm is yet to be investigated
for larger networks, where finding the optimized trajectory
would be a challenging task. In [14], the authors proposed
a UAV-assisted data gathering approach in WSNs to save
energy consumption. Upon receiving a beacon signal from a

forward moving UAV, active sensors are classified whereby
sensors close to the rear side of the UAV receive the highest
priority to transmit their data before they lose connection
with the UAV and suffer from packets lost; this approach
led to improved packet delivery ratio, energy consumption,
and throughput as compared to alternative counterparts. The
authors in [15] used particle swarm optimization to select CHs
that guide the path of a UAV-based data collector. Results
showed improvement in the overall network lifetime. The
authors in [16] attempted to minimize the flight time of a
UAV while collecting data from sensor nodes placed along a
line. The authors analyzed the maximum data size that can
be successfully uploaded as a function of the UAV speed,
and concluded that UAVs can fly at high speeds whenever
sensor nodes possess sufficient amount of energy. The work
in [17] investigated the utilization of UAVs for data collection
from mobile sensors distributed along a predefined linear path.
Mobile sensors were randomly distributed along the path, each
having different velocity. The authors considered different data
collection algorithms and showed that the algorithm that takes
into account contact duration and rate transmission between
the UAV and the sensor nodes leads to the best performance.
In [18], the authors investigated the impact of given mobility
patterns on cluster formation in wireless sensor networks and
studied the resulting performance in terms of coverage and
time efficiency in scanning the whole operation area.

In all of the above work, no real effort has been invested
in data gathering from sensor nodes to data terminals (or
CHs). The energy consumption of the sensor nodes is not
balanced throughout the network; more energy is consumed
either in relaying data through multi-hops, or transmitting with
higher power in case of direct transmission. In the latter one,
to avoid high transmission power, it is possible to increase
the number of CHs, which result in boosting the hardness of
UAVs to collect data. In [19], the authors considered a scenario
where a flying UAV at a constant altitude sends independent
information to two ground terminals. They jointly optimized
the UAV’s trajectory and transmit rate allocations over time,
subject to the UAV’s maximum speed and maximum transmit
power. In [20], the authors studied a case where a UAV is
dispatched as a mobile base station to serve a group of users
on the ground. They considered delay-constrained data traffic.
In [21], similar to [20], the authors considered multiple UAV’s
to act as base stations to serve a group of ground users. Finally,
the authors of [22] proposed path planing for UAVs, which
are flying over a low attitude at dynamic urban environment,
to guarantee the safety of the UAV in addition to its travel
time. As it can be distinguished from the above works, all
of them are concentrated on aspects of the UAV, such as
velocity, travel time, etc. Whereas, in our work, we focus more
on the energy efficiency of data gathering in wireless sensor
networks, and for simplicity and not to complicate our problem
formulation, we do not consider such detailed specifications
of UAV trajectory. Rather, we optimize the UAV trajectory by
finding a minimal distance trajectory from the starting point
to the destination traversing over all CHs.

On the other hand, algorithms and solutions based on
compressive sensing have been proposed in the literature for
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energy-efficient data retrieval in WSNs [23]–[28]. In [23],
the authors proposed a decentralized method for gathering
data using compressive sensing, where in their method, sensor
nodes locally make decisions in constructing and maintaining
the forwarding trees required for compressive data gather-
ing. In [24], the authors proposed a novel compressive data
collection scheme by compressing sensory readings ”on the
fly” under an opportunistic routing, and they proposed an
estimator which guarantees optimal error bound. The authors
in [25] investigated how, in a real deployment, the compressed
sensing techniques for signal ensembles can be used to reduce
the power consumption and prolong lifetime. In [26], the
authors, using graph theory proposed an algorithm which
allows compressive sensing measurements to be collected
through random walks. They investigated the length of each
walk and through simulations demonstrated the effectiveness
of their proposed scheme. In [27], a trade-off between the
sensor transmission range and the length of random walks is
investigated for the network to achieve the smallest energy
consumption. Instead of multi-hop relaying of data for each
random walk, the work in [28] utilizes a mobile compressive
data gathering collector that visits a sequence of sensor nodes
selected along a random path. The mobile collector continues
to harvest data until enough sensory readings are available for
a given compressive sensing measurement.

In this paper, the key differentiating novelty with respect to
the literature includes the joint modeling of compressive data
gathering and UAV trajectory. In particular, to gather com-
pressive data measurements, we cluster the network, choose
appropriate CHs, and construct forwarding trees, each to
gather one compressive data measurement at a CH. Finally, the
collected measurements are forwarded to the sink through a
UAV. Note that the joint problem model of clustering, choosing
CHs, constructing forwarding trees based on the compressive
sensing technique to gather data in the most energy efficient
manner, and finding best UAV trajectory path is a complex
problem of combinatorial nature. Hence, for simplicity, and
because our main objective is to optimize the transmission
power of the wireless sensor nodes, in this paper, we do
not consider the scheduling and mobility constraints of the
UAV [29]. We will keep them for our future work.

III. SYSTEM MODEL

We model a wireless sensor network as a connected graph
G = (V,E), where V is a set of N sensor nodes deployed
randomly in a given region, and E is the set of links or edges
between any two sensor nodes with enough transmit power to
be within radio range with respect to each other. We assume
the density of nodes and the transmit power capability per
node are high enough to have a connected graph. We assume
each sensor node at each round has a data reading xi which
it intends to send to a sink node, e.g., cellular base station
or data collection central unit. Consequently, at each round,
the sink node needs to gather, in total, a data vector of size
N (i.e., X = [x1, x2, ...., xN ]T ) from all the sensor nodes in
the network. In order to avoid long range transmissions or
relaying data over multiple hops from each sensor node to the
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Fig. 1. Example network scenario with UAV-aided projection-based com-
pressive data gathering. (a) Sample input sensor network graph with UAV
starting point and sink node locations; (b) Sample output solution with four
clusters (shown in different colors and separated with dotted line illustrator),
selected CH and forwarding tree per cluster (shown with dark circle and
arrows respectively), and optimized UAV trajectory between starting point
and destination locations (illustrated with thick black line).
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Fig. 2. Example forwarding tree construction using projection-based CDG.

sink, we utilize a UAV to navigate over the region in order
to collect data from the sensors and deliver to the sink. This
can directly enhance the energy efficiency in the network and
the connectivity to any remote sensor node due to the high
flexibility in controlling the UAV’s trajectory.

A sample graph is shown in Fig. 1(a), where sensor nodes
are represented by circles; the UAV’s starting point (S) and
destination (D) are represented by dark squares. Note that
the destination of the UAV represents the desired sink node
where the sensors’ readings are intended to be delivered and
processed. The starting point and the destination can be co-
located or reside in different locations depending on the use
case and the structure of the network.

However, flying the UAV over all the nodes in the network
to collect data is not efficient as it would lead to long travel
trajectory, high data collection delay and the need to frequently
recharge the UAV’s battery. To achieve a balanced trade-
off between shortening the UAV trajectory and reducing the
energy consumption of the sensor nodes, we divide the sensor
network into mutliple clusters where in each cluster one of the
sensor nodes is selected as a CH. The CH is responsible for
gathering data from all other nodes in the same cluster, and
consequently sending the aggregated data to the UAV to be
delivered to the sink node. The UAV has then to traverse all the
selected CHs where it should visit each CH once and arrive at
the destination with minimized total trajectory distance, similar
to the traveling salesman problem. For simplicity, we assume
CHs do not transmit concurrently to the UAV in order to avoid
interfering with each other’s transmission. The UAV decides a
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transmission schedule for the CHs simply based on its locality
with the CH along its trajectory. However, we assume sensors
follow a TDMA type of access in their transmissions to the CH
in order to manage interference. The details of such approach
can be found in [30], which are outside the scope of this paper.

When considering the data collection from sensor devices
using a UAV, one needs to consider the characteristics of the
channel model between the UAV and the ground devices. In
general, the type of environment plays a major role in deter-
mining the characteristics of the channel [31]. For instance,
one must consider whether data collection is taken place in
an urban or rural area, the type of obstacles that exist, etc. In
general, two types of randomness can be accounted for, which
are associated with line-of-sight and non-line-of-sight [31]. In
our work, we consider a rural area with no high rises or other
type of obstacles, and hence, the channel model is associated
with a line-of-sight link with limited statistical variability, and
the channel gain is only governed by the path loss.

Without loss of generality, we assume the UAV flies at an
appropriate low altitude over each CH to collect data with fixed
transmit power and high bit rate over a line-of-sight channel.
Moreover, the UAV flies with a suitable velocity to have
enough contact time with each CH to collect its aggregated
data. Therefore, our problem aims at clustering the nodes and
choosing the most suitable CHs such that the total transmitted
power for data collection in the network and the trajectory
of the UAV over the CHs are jointly minimized. In order
to further optimize performance, we integrate a projection-
based compressive data gathering approach as explained in
the subsections below. Fig. 1(b) shows an example scenario
with four clusters and an optimized UAV trajectory passing
over the four selected CHs on the trajectory from the UAV
starting point location to the destination sink node (represented
by a black thick line traversing the CHs). In addition, the
figure shows sample forwarding tree construction per cluster
(represented by a set of arrows).

A. Compressive Data Gathering (CDG)

CDG promises to efficiently recover N sensors’ readings at
the sink with far fewer sample measurements, as long as the
original readings could be transformed or compressed in some
sparse orthonormal transform domain. Suppose the original
data X = [x1, x2, ...., xN ]T has a k-sparse representation
under a proper matrix Ψ, where Ψ is a Fourier transform
matrix of size N×N . That is X = ΨŜ, where Ŝ is a k-sparse
column vector representation of X and only k coefficients of Ŝ
are non-zero and k � N . According to the Restricted Isometry
Property (RIP) of the Compressed Sensing (CS) theory [5], the
sink may receive M = O(k logN) measurements instead of
N readings, where M � N ; that is Z = ΦΨŜ = ΦX , where
Z is a column vector of sample measurements of size M × 1
and Φ is a sample measurement matrix of size M×N . In other
words, the sink can perfectly recover the original data X by
receiving Z = [z1, z2, ...., zM ]T , where zm =

∑N
n=1 φm,nxn,

m = 1, 2, ...,M and φm,n is a coefficient in matrix Φ at
row m and column n. Each zm represents a weighted sum
of measurements from nodes in the network with non-zero

coefficients in a row of the matrix Φ. We refer to these nodes
as interest nodes and the data aggregated from them as one
projection. The matrix Φ has M rows, one row for each codded
sum (projection), and N columns, one column for each sensor
node. Fig. 2 illustrates an example of the projection-based
CDG process for one forwarding tree (e.g., z1).

Now, from M measurements (Z), using the random sample
matrix Φ and the Fourier transform matrix Ψ, the sink recovers
the sparse representation of the data S̃ (not the original data)
by solving the convex optimization problem of (1).

min
S̃
‖S̃‖1 subject to Z = ΦΨS̃ = AS̃ (1)

After recovering the sparse vector S̃, the original data (X)
is obtained by letting X = ΨS̃. For data recovery, the matrix
A = ΦΨ has to satisfy the RIP. A matrix A obeys the RIP
with high probability if the entries are chosen according to
a Gaussian, Bernoulli, or more generally, any sub-Gaussian
distribution [5]. Note that the matrix Ψ is only required at the
sink for decoding and it is not required for encoding at the
sensor nodes. The matrix Φ is fixed and can be considered
as available a priori knowledge for the network [4] For more
details on CS, the reader is referred to [5,7].

In [6], the authors have shown that there is a trade-off
between the sparsity of the projections (number of nonzero
coefficients in each row of the matrix Φ) and the number
of projections needed (number of rows in matrix Φ). In this
paper, to distribute the non-zero coefficients more evenly in the
matrix Φ and make each projection as sparse as possible, as
in [30,32]–[34], the number of non-zero coefficients in each
row of the matrix Φ is chosen as dNM e (almost equal size)
such that none of the columns in Φ has all-zero entries. Since
the sparsity and number of projections (M ) depend on the k-
sparsity Fourier transform representation of sensors’ readings,
the used random sample matrix Φ satisfies the conditions
required to fully recover the original data readings at the sink
using the compressive sensing technique.

B. Problem Description

In our problem, we let a binary matrix IM×N represents the
clustering formation of the connected graph G, i.e., Im,n = 1
when node n is in cluster m. This matrix can replace and take
all the properties of the sample matrix ΦM×N (i.e., Im,n = 0
when Φm,n = 0, and Im,n = 1, otherwise). Now, the problem
of UAV-aided projection-based CDG consists of clustering the
graph G into M clusters (or constructing matrix I), finding a
forwarding tree for each cluster so as to collect the coded sum
from a set of nodes in the cluster (i.e., nodes with non-zero
coefficient in a corresponding row of matrix I) en-route to
the selected CH with optimized energy efficiency. Each tree
m (1 ≤ m ≤M ) corresponds to one cluster (or projection in
CDG) which gathers one coded sum zm from a set of nodes
in a cluster (or interest nodes) at a CH; the set of M clusters
is denoted as W . Our objective is to cluster and construct
the forwarding trees such that the total power transmitted in
the network is minimized. The gathering on each forwarding
tree is performed as follows: each interest node (n, n ∈ Im,
where Im is the set of interest nodes of tree m or set of nodes
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in cluster m) upon collecting its measurement, multiplies its
reading xn with its coefficient Im,n and combines the data
Im,nxn with those received from its descendants (if any) and
sends the obtained coded sum in one packet to the parent
node. Finally, the CH which is the root of the tree receives one
coded sum zm =

∑
n∈Im Im,nxn similar to what we discussed

in Section III-A for projection-based CDG (refer to Fig. 2 for
the process of one forwarding tree example in a given cluster).

It should be noted that the number of clusters (M ) is
determined in advance and depends on the number of nodes
in the network and the sparsity representation of the sensor
data as explained earlier, i.e., M = O(k logN), where k is
the sparsity representation of the data in the Fourier transform
domain. Consequently, the size of each cluster is almost equal
to dNM e. It should be also noted that without compressive
data gathering, nodes closer to the CH will perform more
forwarding than nodes which are farther away. Thus, with
CDG, the transmission load is distributed across multiple
sensor nodes in the network which leads to more balanced
energy consumption yielding an extended network lifetime.

IV. PROBLEM FORMULATION

In this section, we formulate the UAV-aided CDG problem
as a mixed linear integer program (MILP), with an objective
to divide the sensor nodes into almost equal-sized clusters
with one selected CH per cluster. The aim is to generate
forwarding trees for data gathering at CHs with minimum
total transmission power, while at the same time minimizing
the UAV trajectory to traverse all CHs from starting point
to destination sink node. The notations and variables used
throughout this section are summarized in Table I. Let Pm,hij

be the transmission power required to transmit data from nodes
i to j (or over link (i, j)) in cluster m if h is the CH. And
let Uij ∈ {0, 1} indicate whether the UAV will traverse from
node i to j, where i&j ∈ {V

⋃
S
⋃
D}, V is the set of sensor

nodes, S is the starting node and D is the destination node.
Objective: The objective is to jointly minimize the total

transmission power required for data gathering in the network
and the total length of the UAV trajectory.

Minimize ω
∑
m∈W
h∈V

(i,j)∈E

Pm,hij + (1− ω)
∑

i&j∈{V
⋃
S
⋃
D}

dijUij

(2)

Subject to: (3) - (18), where these constraints are described
in details in Sections IV-A to IV-F.

The first term in the objective function corresponds to the
total power transmission of active links in the constructed for-
warding trees, and the second term depicts the total trajectory
distance of the UAV. The parameter ω (0 < ω < 1) indicates
the weight of each term in the objective function. Depending
on the use case, the weight can be adapted to balance the level
of importance between the sensor nodes’ energy efficiency and
the UAV’s trajectory.

TABLE I
NOTATIONS USED IN THE PROBLEM FORMULATION

Parameters
N Total number of sensor nodes.
M Total number of clusters.
V Set of sensor nodes.
W Set of clusters.

E
Set of edges between nodes i and j which are in each
other’s communication range.

Cm Size of cluster m.
S Starting node (corresponds to the initial location of the UAV).
D Destination sink node.
B Large constant.
PMAX Maximum transmit power of a sensor node.
β SNR threshold.
η Background thermal noise.
α Power loss decay exponent.
dij Distance between node i and j.

Variables
Im,n ∈ {0, 1} Indicating whether node n is in cluster m.

Fm,h
ij ≥ 0

Traffic flow traversing on link (i, j) to reach
CH h in cluster m.

χm,h
ij ∈ {0, 1} Indicating whether link (i, j) is active in

cluster m when node h is a cluster head.

Pm,h
ij ≥ 0

Transmission power from i to j in cluster m
when h is a cluster-head.

Hm
h ∈ {0, 1} Indicating whether h is chosen as a cluster

head for cluster m.

Th ∈ {0, 1} Indicating whether node h is chosen for the
UAV’s trajectory.

Uij ∈ {0, 1} Indicating whether the UAV is traversing from
node i to j.

Ri ≥ 0
Dummy variable used to find the order of
the UAV trajectory for sub-tour elimination.

A. Clustering constraints

For the projection-based CDG, the only constraints required
for the clustering are to enforce the size of the clusters to
be equal to dNM e such that no node belongs to more than
one cluster. This is normally feasible since we assume a
dense sensor network scenario with enough transmit power
capability per sensor node to have a connected network graph.
Let Im,n ∈ {0, 1} indicate whether node n belongs to cluster
m or not. Hence, constraint (3) enforces the size of the clusters
and constraint (4) asserts that each node should belong to only
one cluster. ∑

n∈V
Im,n ≤ d

N

M
e, ∀m ∈W. (3)

∑
m∈W

Im,n = 1, ∀n ∈ V. (4)

B. Flow conservation constraints

These constraints are required in order to construct a
routing-path from the transmitter to the receiver of each data
packet. In graph theory [35], for a network routing-path, the
flow conservation asserts that the amount of incoming flow
to a node equals to the amount of outgoing flow, except for
a transmitter (which has only outgoing flow) and a receiver
(which has only incoming flow). In our problem, a flow is a
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data packet, which needs to be directed from a node in each
cluster to its corresponding CH.

Let Fh,mhj ≥ 0 be the data packet (flow) imposed by certain
routing on edge (i, j) (i.e., between nodes i and j) to aggregate
data in cluster m if h is a CH. Constraints (5) and (6) assert
that in each cluster, if h is a CH, there is no flow going out of
h and there has to be Cm−1 number of flows coming into h,
respectively. Cm is the size of cluster m, i.e., the number of
nodes in the cluster. On the other hand, constraint (7) ensures
that the total number of incoming minus outgoing flows for
all other nodes in the cluster has to be utmost one to cause
one flow being forwarded from each node in the cluster to the
CH. In addition, the constraints in (8) make sure that there is
no flow on any edge (i, j) which is not in cluster m.

∑
j:(h,j)∈E

Fh,mhj = 0, ∀m ∈W,h ∈ V. (5)

∑
i:(i,h)∈E

Fh,mih = Im,h(Cm − 1), ∀m ∈W,h ∈ V. (6)

∑
j:(n,j)∈E

Fh,mnj −
∑

i:(i,n)∈E

Fh,min ≤ Im,n,

∀m ∈W,h ∈ V, n ∈ V/h.
(7)

{
Fh,mij ≤ Im,iB,
Fh,mij ≤ Im,jB,

∀m ∈W,h ∈ V, (i, j) ∈ E. (8)

C. Forwarding tree link creation constraints

These constraints create forwarding links for a tree. Let
χm,hij ∈ {0, 1} indicate whether there is a forwarding link
between nodes i and j in cluster m if h is a CH. χm,hij = 1,
if there is a positive traffic flow from i to j, and zero
otherwise. This implies that Fm,hij = 0 ⇒ χm,hij = 0 and
Fm,hij > 0 ⇒ χm,hij = 1, which is achieved by the following
inequalities:

{
χm,hij ≤ Fm,hij ,

χm,hij ≥ Fm,hij

B ,
∀m ∈W,h ∈ V, (i, j) ∈ E. (9)

where B is a large constant greater than any possible value
for Fm,hij .

D. Transmit power constraints

The following constraints make sure that, for any forwarding
link in a tree, enough transmission power is consumed for
successful data transmission modeled via a signal-to-noise-
ratio (SNR) greater than a threshold β; otherwise, the power
level is set to zero. In other words, when χm,hij = 1 ⇒
Pm,hij d−αij

η ≥ β and when χm,hij = 0⇒ Pm,hij = 0, where dij is
the distance between i and j, α is the path loss exponent, and
η is the background thermal noise. This can be represented as
follows:

{
Pm,hij ≤ χm,hij B,

Pm,hij ≥ χm,hij
ηβ

d−αij
,

∀m ∈W,h ∈ V, (i, j) ∈ E. (10)

E. Cluster head selection constraints

These constraints are needed to choose the most suitable
CHs for minimizing the UAV trajectory. Let Hm

h indicate
whether node h is chosen as a CH for cluster m and let Th
indicate the UAV’s trajectory. Constraint (11) asserts that a
node cannot be chosen as a CH if it is not in the cluster in
the first place, i.e., Hm

h = 0 when Im,h = 0. Constraint (12)
makes sure that there is only one CH for each cluster, and
constraint (13) ensures that M CHs should be chosen for the
UAV’s trajectory.

Hm
h ≤ Im,h, ∀m ∈W,h ∈ V. (11)∑

h∈V

Hm
h = 1, ∀m ∈W. (12)

Th =
∑
m∈W

Hm
h , ∀h ∈ V. (13)

F. UAV trajectory constraints

These constraints make sure that a UAV will start from the
starting point, traverse all the CHs in the network for data
collection, and eventually return or arrive at the destination.
Let Uij indicate whether the UAV will traverse from nodes
i to j. Constraints (14), (15) and (16), similar to the flow
conservation constraint, force the UAV to traverse from the
starting point over the network to the destination. More
specifically, constraints (14) and (15), respectively, enforce
the UAV to start from node S and arrive at the destination
D. Constraint (16) ensures that the UAV will traverse through
some nodes in the network. In other words, if node n is on
the trajectory of the UAV, in total one UAV will arrive at node
n and the same one will leave, which results in the difference
of incoming and outgoing on node n to be zero, as written in
inequality (16). Constraint (17) makes sure that the UAV will
traverse only all the CHs, and finally the sub-tour elimination
constraint (18) ensures that the UAV will not trap into cycles.
Note that Ri is a dummy variable required for the sub-tour
elimination. ∑

j∈V
USj = 1; (14)∑

i∈V
UiD = 1; (15)∑

i∈{V
⋃
S
⋃
D}

i!=n

Uin −
∑

j∈{V
⋃
S
⋃
D}

j!=n

Unj = 0, ∀n ∈ V.
(16)

{
Ti =

∑
j∈{V

⋃
S
⋃
D} Uij , ∀i ∈ V

Tj =
∑
i∈{V

⋃
S
⋃
D} Uij , ∀j ∈ V (17)

Ri −Rj + UijM ≤M − 1, ∀i ∈ V, j ∈ V : i 6= j. (18)
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V. DECOMPOSITION INTO DISJOINT OPTIMIZATION
SUBPROBLEMS

The problem of UAV-aided projection based CDG to jointly
cluster the network, choose the appropriate CHs, find the UAV
trajectory over the chosen CHs, and construct a forwarding
tree to gather data in each cluster in the most energy efficient
manner is a complex problem of combinatorial nature. As
shown in Fig. 3, the execution time of solving the joint
optimization problem grows exponentially as the size of the
network grows, which limits scalability. Hence, in this section
we decompose the joint problem into the following three
complementary subproblems and formulate a mathematical
model for each: i. clustering subproblem, ii. UAV trajectory
subproblem, which finds as well the set of CHs, and iii. for-
warding tree construction subproblem.

A. Clustering subproblem

This optimization model divides the network into a set of
clusters (i.e., constructing matrix Im,n). The objective is to
generate clusters with around dNM e sensor nodes per cluster.
To obtain this, the objective minimizes the summation of
distances between all the nodes in each cluster as follows:

Objective:

Minimize
∑
m∈W
i&j∈V

dijIm,iIm,j
(19)

Subject to: ∑
n∈V

Im,n ≤ d
N

M
e, m ∈W. (20)

∑
m∈W

Im,n = 1, ∀n ∈ V. (21)

∑
j:(i,j)∈E

Im,j ≥ Im,i, ∀i ∈ V,m ∈W. (22)

Constraints (20) and (21) are similar to (3) and (4) which
restrict the size of the clusters and that each node should be-
long to only one cluster, respectively. Constraint (22) ensures
that nodes in each cluster have to be connected by edges.

B. UAV trajectory subproblem

After clustering the network in Section V-A, we use the
output (Im,n) as the input for the optimization subproblem in
this section. We represent the clusters as interest-node sets Im,
and we let L be the set of UAV trajectory links connecting
the starting point (S) and destination (D) to all nodes in
the network, and also connecting each node in a cluster to
all nodes in other clusters. The objective is then to find the
shortest flying distance in the set L by choosing the best CHs
for the UAV to traverse all the clusters. Note that the set L
does not contain links between nodes in the same cluster,
which reduces the overhead of considering flying the UAV
over multiple nodes within the same cluster.
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Fig. 3. Execution time to solve the joint optimization problem versus the
size of the network in terms of the number of sensor nodes N ; the number
of clusters M is set to 20% of the number of nodes N in the network.

Therefore, the UAV trajectory distance minimization sub-
problem can be formulated as follows:

Objective:

Minimize
∑

(i,j)∈L

dijUij (23)

Subject to:

∑
i∈Im

∑
j:(i,j)∈L

Uij = 1, ∀m ∈W. (24)

∑
j:(i,j)∈L

Uij −
∑

j:(j,i)∈L

Uji =

 1, i = S;
−1, i = D;
0, otherwise,

(25)

Ri −Rj + UijM <= M − 1, ∀(i, j) ∈ L : i&j 6= S&D.
(26)

Constraint (24) enforces the UAV to traverse over only
one CH node in each cluster. For the trajectory of the UAV,
constraint (25), similar to the flow conservation constraint,
makes sure the UAV will traverse the network starting from
the starting point S to the destination D. Lastly, (26) is the
sub-tour elimination constraint similar to (18).

C. Forwarding tree construction subproblem

The objective of this subproblem is to construct an energy
efficient forwarding tree for each cluster to gather data at the
selected CH. From the UAV trajectory model, we know the
clusters and the CHs. Hence, we let Hm and Em, respectively,
be the CH and the set of edges between nodes in cluster
m. Now, for each cluster m, the objective is to minimize
the transmission power consumed in gathering data in the
constructed tree. Note that the following decision variables:
power (Pij ≥ 0), tree link (χij ∈ {0, 1}), and flow (Fji ≥ 0)
are notably simpler than the ones in the joint problem. The
forwarding tree construction subproblem for each cluster m
can then be formulated as follows, where it can be executed
in parallel for all clusters:
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Objective:

Minimize
∑

(i,j)∈Em

Pij (27)

Subject to:

∑
j:(i,j)∈Em

Fij −
∑

j:(j,i)∈Em

Fji

=

 −Cm + 1, i = Hm;
1, ∀i ∈ Im/Hm;
0, otherwise,

(28)

{
χij ≤ Fij ,
χij ≥ Fij

N ,
∀(i, j) ∈ Em. (29)

{
Pij ≤ PMAX,

Pij ≥ χij ηβ

d−αij
, ∀(i, j) ∈ Em. (30)

Constraint (28) is the flow conservation constraint which
allows one flow (data packet) to be forwarded from each node
(except the CH) in the cluster to the CH. Constraints (29) and
(30) are similar to (9) and (10), respectively.

VI. PROPOSED LOW COMPLEXITY ALGORITHMS

In this section, we analyze the complexity of each sub-
problem. In addition, we present a heuristic low-complexity
algorithm to efficiently solve each subproblem for large scale
networks.

A. Proposed algorithm for the clustering subproblem

The clustering subproblem can be represented as an updated
version of K-means clustering [36]. In K-means clustering,
the aim is to partition N nodes into K clusters where
nodes belonging to one cluster have the nearest mean using
Euclidean distance; this results in partitioning the network into
Voronoi cells. On the other hand, in the formulated clustering
subproblem, a key difference is that the sizes of the clusters
should be uniform even if the solution distorts the shapes of
the Voronoi cells. In the proposed algorithm, after applying
K-means clustering method, we update the clusters to end up
with almost equal size cells. Note that K-means clustering is
proven to be NP-hard in [37]. Hence, this implies that our
clustering subproblem is also NP-hard; the proof is omitted
here because of the similarity to K-means clustering.

Algorithm 1 initiates by the K-means clustering algorithm
(Phase I). The algorithm starts by placing random K = M
points (as center points for clusters) inside the region, and
assigns each node in the network to the nearest random points.
Iteratively, the K-means algorithm finds the center point for
nodes in each cluster by taking the mean of the vertical and
horizontal Euclidean axes, and reallocate nodes in the network
to the nearest center points until convergence; this step is
repeated until there are no differences in clustering. Next, the
algorithm in Phase II nearly equalizes the size of the clusters.
For each cluster m, which has less that N

M nodes, it first tries
to borrow a node (nearest one) from a neighbor cluster that

Algorithm 1: Clustering subproblem
Data: Graph G(V,E), Number of clusters M
Result: Clusters Im, m = 1, 2, ...,M .

1 Phase 1 (K-means):
2 Randomly initialize K = M cluster center points

µ1, µ2, ..., µm,
3 Im ← ∅.
4 repeat
5 Im ← I ′M .
6 for each node n do
7 for each cluster m do
8 Im ← min‖vn − µm‖2.

9 for each cluster m do
10 µm = mean of Im.

11 until Im = I ′m;
12 Phase II (updates to equalize cluster sizes):
13 repeat
14 for each cluster m do
15 while size(m) < N

M do
16 for each node i that shares an edge with

cluster m do
17 Qsorted ← Add(i).

18 if FoundNode = node in Qsorted that its
cluster has size > N

M then
19 Im ← Add(FoundNode).
20 RestrictedSet ← Add(m).

21 else if FoundNode = node in Qsorted that
its cluster 6∈ RestrictedSet then

22 Im ← Add(FoundNode).
23 RestrictedSet ← Add(m).

24 else
25 FoundNode = node in Qsorted that its

cluster has lower restriction level.
26 Increase restriction level for the

borrowed cluster.
27 Im ← Add(FoundNode).
28 RestrictedSet ← Add(m).

29 until all clusters have N
M or N

M + 1 nodes;

has a size greater than N
M , if any, and an edge connecting the

node to cluster m. Otherwise, a node can be borrowed from
a neighbor cluster which has no restriction on borrowing, if
any. Else, cluster m will borrow a nearest node that shares an
edge from a cluster with lower restriction level. By borrowing
from a restricted cluster, its restriction level is increased by
one. Consequently, when a cluster enlarges its size, it restricts
itself more from borrowing.

The running time of Phase I (K-Means algorithm) is
O(NMT ), where T is the number of iterations needed until
convergence. It should be noted that the number of iterations
is often small, and therefore K-Means algorithm is often
considered to be of linear complexity in practice, although
it is in the worst case superpolynomial when performed until
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convergence [38]. Phase II takes O(MY J log(J)), where Y
is the maximum number of nodes that a cluster might have
shortage to N

M nodes, after clustering with K-means algorithm,
and J is the maximum number of nodes in Qsorted (queue
which holds neighbor nodes that share edges with cluster
m). Note that the complexity of sorting Qsorted in place
is O(log(J)). Hence, in total, the time complexity of the
clustering subproblem is O(NMT + MY J log(J)), where
the algorithm takes more time to run Phase I (K-means)
than Phase II (updates). Therefore, the running time of the
algorithm is O(NMT ).

Lemma 1. Convergence of the clustering algorithm.

Proof. In Phase I (K-means), eventually after some iterations,
the algorithm terminates. At some iteration, the assignment
of the nodes will not change and, consequently, the location
of the central point for each cluster will remain fixed which
results in convergence of the algorithm. In Phase II, if the
size of each cluster is not N

M or N
M + 1, then for each small

size cluster there is at least one other cluster with larger size.
Therefore, upon borrowing nodes from larger size clusters, the
algorithm terminates by balancing the clusters’ sizes. �

B. Algorithms for UAV trajectory subproblem with cluster
head selection

To elect M CHs in a network of size N nodes, there are
(
N
M

)
distinctive combinations. In a large scale network, obtaining
the optimal CHs through is complex due to the huge search
space, and is known to be an NP-hard problem [39].

The proposed algorithm for choosing CHs is summarized
in Algorithm 2. The algorithm uses two methods based on
the position of the starting point S and destination D. In the
first method, when S and D are positioned at two sides of the
network which requires the UAV to travel from one side to the
other, a straight line is drawn from S to D. Next, the Euclidean
distance from each node to the drawn line is computed. Finally,
for each cluster, the node with the smallest computed distance
to the line is chosen as the CH of that cluster. In the second
method, when both S and D are positioned on one side
(or S = D), the node in each cluster that has the shortest
Euclidean distance to S or D is chosen as the CH.

In the first method, the algorithm to compute the distances
for all nodes in the network to the drawn line and also
to find the closest node in each cluster to the line has
complexity O(N). As for the second method, the running time
of the algorithm is also O(N). Hence, the time complexity of
Algorithm 2 is O(N).

Lemma 2. Convergence of the cluster heads selection algo-
rithm.

Proof. It is easy to show that this algorithm terminates, since
drawing a line between two points, computing distances, and
finding the smallest distance among a set are straightforward
mathematical computations. �

The UAV trajectory subproblem can be solved similar to
the Traveling Salesman Problem (TSP), and it is proven to
be NP-hard in [40]. Therefore, we use a heuristic algorithm

Algorithm 2: Choosing cluster heads subproblem
Data: Graph G(V,E), clusters Im, distances dij .
Result: Cluster heads Hm, m = 1, 2, ...,M .

1 if S and D are resided on two ends then
2 Line(S,D) ← Draw a straight line from S to D.
3 for each node n do
4 Find dVnLine(S,D)

.

5 for each cluster m do
6 for each node i ∈ Im do
7 Hm = smallest(dViLine(S,D)

).

8 else
9 for each cluster m do

10 for each node i ∈ Im do
11 Hm = smallest(dViS , dViD).

Algorithm 3: UAV trajectory subproblem
Data: Cluster head set H .
Result: UAV trajectory Uij , (i, j) ∈ L.

1 C ← Find nearest cluster head to S.
2 USC ← link (S,C).
3 Remove C from set H .
4 while H is not empty do
5 C ′ ← Find nearest cluster head to C.
6 UCC′ ← link (C,C ′).
7 C = C ′.
8 Remove C from set H .

9 UCD ← link (C,D).

implementation for TSP (nearest-neighbor algorithm) to solve
our UAV trajectory subproblem. Algorithm 3 summarizes the
steps of finding the UAV trajectory (Uij). The algorithm starts
by finding the nearest CH to the starting point (S), and
assigns it to its first traversal node. Next, the algorithm keeps
finding and assigning the nearest unvisited CH to the UAV’s
trajectory, until there is no CH left to be added. Finally, the
destination (D) is added as the last node. The running time
of the algorithm, similar to the nearest-neighbor algorithm of
the TSP, is O(M2).

Lemma 3. Convergence of the UAV trajectory algorithm.

Proof. At each iteration, one CH is assigned to the UAV
trajectory. Since the number of CHs is finite, the algorithm
will eventually stop iterating and finally terminate. �

C. Algorithm for the forwarding tree construction subproblem

We may use one of the Minimum Spanning Tree (MST)
methods (e.g., Kruskal or Prim’s Algorithm [35]) to efficiently
solve the forwarding tree construction subproblem for each
cluster. The complexity of the algorithm is O(λm log(Cm)),
where λm and Cm are, respectively, the total number of edges
and nodes in cluster m. This algorithm can solve for all M
clusters in parallel.
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VII. PERFORMANCE EVALUATION

In this section, we first study the performance of the
various methods, including solutions for the joint problem and
decomposed disjoint subproblems in addition to the proposed
algorithms for relatively small network scenarios by varying
the number of sensor nodes. We use the total power transmis-
sions and UAV trajectory distance, as well as execution time
as the key metrics for the comparisons. We then study the
performance of the disjoint optimization subproblems and the
proposed algorithms on relatively medium sized networks by
varying the number of clusters and re-positioning the starting
point and destination of the UAV on one side (S = D) or
different sides (S 6= D) of the network. Finally, we compare
the performance of the proposed algorithms (denoted as UAV-
CDG) on a relatively large network scenario with comparison
to benchmark methods that either gather data without using
compressive sensing (denoted as Non-CDG), or without UAV
assistance (denoted as Non-UAV), or both (denoted as Non-
UAVCDG).

For the numerical results, we generate arbitrary networks
with N nodes where the nodes are randomly distributed over
a region of 900 × 700m2, such that the resulting graph is
connected. The density (average nodal degree) of the network
is tuned by increasing or decreasing the communication range
of each node. Starting point (S) and destination (D) are placed
50 meters away from the network. We use network sizes of 20,
25 and 30 nodes with communication ranges of 200, 190, and
180 meters, respectively, for the small network scenarios. For
medium sized networks, we use 40 to 100 nodes with fixed
communication range of 180m, and for large networks we
use the following combinations of number of nodes and radio
ranges: 100 nodes (with communication range of 120m), 250
nodes (100m), 500 nodes (80m), 750 nodes (60m) and 1000
nodes (40m). We assume the SNR threshold for successful
transmission is set to β = 2, corresponding to a given target
bit rate level. We also assume a power loss exponent α = 2,
and the total noise power η = ℵ0$, where the power spectral
density of the additive white Gaussian noise (AWGN) ℵ0 =
4 ∗ 10−11 (wattshertz ), and the channel with $ = 2.5 (hertz). We
further assume ω = 0.5, giving equal weights to both terms
in the objective function. For the UAV trajectory, we assume
the UAV flies over the top of sensor nodes at a fixed altitude
of 50m. It should be noted that the transmission power for
node-to-UAV is calculated and added to the total transmission
power of wireless sensor networks.

We use CPLEX to solve the various formulated optimization
problems, and JAVA based simulator to simulate the operation
of the low complexity algorithms. We generate results on
CPU with Intel(R) Core(TM) i7-4790 CPU @ 3.6 GHz speed,
16 GB memory ram and 64-bit windows operating system.

A. Joint optimization problem vs decomposed disjoint sub-
problems and low complexity algorithms for small sized net-
works

We start by examining the results obtained by solving
the joint optimization model and compare it with the results
obtained from the disjoint optimization method and heuristic
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algorithms using small networks. For the compressive data
gathering, we use the number of projections (clusters) to be
M = 0.2N .

Fig. 4(a) and Fig. 4(b), respectively, show the total trans-
mission power and UAV trajectory distance required to gather
data in the network. As depicted in the figures, the joint and
disjoint optimization methods perform almost similarly for
all network sizes except for 30 nodes, where the result of
the disjoint optimization subproblems is a bit worse than the
optimal solution. The low complexity algorithms on the other
hand achieve notably good performance in terms of the total
needed transmission power, yet with worse performance (gap
less than 3%) in terms of the UAV trajectory total distance.

However, in terms of computational complexity, as illus-
trated in Fig. 5, the disjoint optimization method obtains
solutions in 2 to 18 seconds and the low complexity algorithms
return solutions in less than a second. On the other hand, the
joint optimization method (shown in Fig. 3) takes 18 minutes
to generate solution for a 20-node network, two hours and 56
minutes for a 25-node network, and 38 hours plus 39 minutes
for a 30-node network. These results confirm that the joint
optimization problem is indeed very complex and that the
proposed decomposed subproblems and low complexity algo-
rithms are much simpler with close to optimal performance;
we will examine their scalability in more details in the next



11

subsection. One more observation that we can notice from Fig.
4 is that as the number of nodes in the network increases, the
total energy consumption as well as UAV trajectory distance
increase

B. Performance results and comparisons for medium sized
networks

In this subsection, we compare the performance of the
disjoint optimization method versus the heuristic algorithms
in more details using a medium sized network scenario.

Fig. 6 depicts the results of comparison by varying the
number of sensor nodes (40 to 100 with 10 nodes interval)
with communication range fixed to 180 meters and number
of clusters set to M = 0.1N . We also study the performance
by positioning the UAV starting point and destination once
by residing both at one side of the network (i.e., S = D),
and then by positioning them on opposite sides (i.e., S 6= D).
The results are averaged over five runs and finally rounded to
non-decimal numbers.

As shown in the figures, the disjoint optimization method
outperforms the algorithmic method and achieves lower total
transmission power and UAV trajectory distance in both po-
sitioning of starting point S and destination D. For instance,
when N = 90 nodes, the disjoint optimization method per-
forms 1% (2%) better in terms of the total transmission power
when S = D (S 6= D), and 18% (16%) better in terms of UAV
trajectory distance when S = D (S 6= D). It should be noted
here that such gains are attributed to optimally constructing
the forwarding trees for data gathering as well as optimally
finding the trajectory of the UAV. However, these gains come
at the expenses of additional complexity and execution time.
Note that the clustering and UAV trajectory subproblems
are NP-hard problems as explained before. Therefore, the
computational complexity of the disjoint optimization method
grows exponentially with the size of the network, which
makes it unscalable for large size networks. In the simulations,
the clustering subproblem solution took 44 minutes to find
the optimal solution for a 40-node network, and failed to
obtain a solution for a 50-node network due to memory
shortage after passing eight hours. Hence, for the remaining
results of the disjoint optimization method, we replaced the
optimal clustering subproblem with the proposed heuristic low
complexity algorithm. It should also be noted that the optimal
UAV trajectory model used in the disjoint optimization method
obtains results for a 100-node network after a day of execution.
Whereas, the algorithmic method, for the same size networks,
obtains results in less than two seconds. On the other hand, the
algorithmic method performs notably well in energy efficiency
with worst case gap of 2% (3%) when S = D (S 6= D)
and performs well in terms of the UAV trajectory distance
with worst case gap of 21% (17%) when S = D (S 6= D);
this is due to the efficiency of the implemented TSP heuristic
algorithm.

In Fig. 7, we study the performance by varying the number
of clusters (M = 5 to M = 25) on a network of size 100-
node. As plotted in the figures, the algorithmic method in term
of the total transmission power performs very close to the
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(c) Total transmission power (S = D).
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(d) UAV trajectory distance (S = D).

Fig. 6. Performance results based on the solution of the decomposed disjoint
optimization subproblems and the proposed low complexity algorithms for
different locations of the starting point (S) and destination (D) nodes.
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Fig. 7. Algorithm Vs. Disjoint method by varying the number of clusters.

disjoint optimization method with a maximum gap of 2% only.
Furthermore, its performance in term of the UAV trajectory
is not worst than 17%, which is still acceptable for such an
algorithm with a very low time complexity. From the figures,
we may also observe that the total power transmissions as well
as the UAV trajectory distance grow by the number of clusters.
The reason goes for the increasing number of CHs where a
UAV is required to traverse them, and on the other hand more
data is needed to be transmitted with high power to the UAV.

C. Performance results and comparisons for large sized net-
works

Finally, we consider a large network scenario (100 to
1000 nodes with 250 nodes interval and communication radii,
respectively, ranging from 120m to 40m with 20 meters
interval) and we compare the performance of our proposed
algorithm (UAV-CDG) in term of total transmission power
with methods that either do not use compressive sensing for
data gathering (Non-CDG), or do not utilize UAV assistance
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Fig. 8. Total transmission power of the proposed method (UAV-CDG) based
on the low complexity algorithms versus three benchmark methods; without
CDG (Non-CDG), without UAV assistance (Non-UAV), and without both
CDG and UAV assistance (Non-UAVCDG). The x-axis represents the number
of nodes with the corresponding communication range for each node, where
the communication range is increased for less dense networks to maintain a
connected graph.

for data collection (Non-UAV), or both (Non-UAVCDG). The
results for M = 0.1N with average over ten runs are shown
in Fig. 8.

The plots in the figure show that gathering data from a
network in a basic way without relying on any techniques
of compressive sensing and UAV assistance (Non-UAVCDG)
require significantly more energy consumption in order to
transmit and relay data through multiple hops to the destination
sink node. Consequently, it is obvious that the performance of
the Non-UAVCDG method is worse than the other methods.

With UAV assistance and gathering data at CHs instead of
the sink which decreases the number of relaying transmissions,
the needed energy consumption is reduced notably. Similarly,
using compressive data gathering due to coding and aggre-
gating sensory data enroute from nodes to CHs, significantly
reduce energy consumption and increase network’s lifetime.
As it can be seen from the figure, the Non-CDG and Non-
UAV methods respectively save 71% to 87% and 82% to
91% in terms of energy compared to the Non-UAVCDG
method. However, because of advantages of the compressive
data gathering over UAV assistance, Non-UAV performs at
least 29% better than Non-CDG.

Furthermore, our UAV-CDG method owing to both com-
pressive data gathering and UAV assistance performs 89%
to 94% better than Non-UAVCDG method, and respectively
55% to 62% (34% to 47%) better than Non-CDG (Non-UAV)
methods. This shows that our proposed method substantially
outperforms other methods in term of energy consumption,
which leads to enhanced wireless sensor network lifetime.

VIII. CONCLUSION

In this paper, we proposed a novel data collection technique
in wireless sensor networks (WSNs) using projection-based
Compressive Data Gathering (CDG) and Unmanned Areal
Vehicles (UAVs). CDG is utilized to reduce the number of
transmissions and corresponding energy consumption through
aggregating data en-route from sets of sensor nodes to a set
of projection heads. The UAV is used to further enhance
the energy efficiency of the sensors by avoiding long range
and multiple hop transmissions to reach the destination sink

node. As part of the solution approach, we divide the sen-
sor nodes into clusters and construct a forwarding tree for
each cluster based on the CDG technique to minimize an
objective that is a function of both the total transmission
power in the network and the total UAV flight distance.
We mathematically formulate the joint optimization problem
including clustering, cluster head selection, forwarding trees
construction, and UAV trajectory planning. Owing to the com-
plexity of the joint problem, we decompose the problem into
multiple disjoint subproblems and generate optimized solution
for each separately with notably less complexity. In order
to scale up the solution to dense sensor network scenarios,
we proposed a heuristic method based on a set of effective
low complexity algorithms. We present extensive performance
results to demonstrate the efficiency and superiority of the
proposed methods and low complexity algorithms for small,
medium and large size network scenarios. The results included
insightful comparisons between the optimal and sub-optimal
approaches in addition to comparisons with respect to other
benchmark approaches that do not include compressive data
gathering and UAV assistance for data collection.
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