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Abstract—In this paper, we study the problem of gathering
data from large-scale wireless sensor networks using multiple
unmanned air vehicles (UAVs) to gather data at designated
rendezvouses, where the goal is to maximize the network lifetime.
Previous proposals often consider a practical approach where the
problem of determining a data gathering scheme is decomposed
into 2 sub-problems: i) partitioning the networks into clusters for
determining the rendezvouses as these obtained cluster heads;
and ii) determining the paths for a set of a given number of
UAVs to come gathering data at these rendezvouses which have
been harvesting data within each local clusters, respectively. We
try to deal with this as a whole optimization problem, expecting
a significant increase in computation complexity which would
bring new challenge in creating practical solutions for large-
scale WSNs. We introduce two alternatives mixed-integer linear
programming (MILP) formulations, namely the 2-index model
with O(n2) variables and the 3-index model that has O(n3)
variables, where n denotes the number of sensor nodes. We show
that our best model could solve optimally the problem instances
with up to 50 sensor nodes in less than 30 minutes. Next, we
propose a heuristic idea to reduce the number of variables in
implementing the 3-index model to effectively handle larger-scale
networks with size in hundreds. The experiment results show that
our heuristic approach significantly prolongs the network lifetime
compared to existing most efficient proposals.

I. INTRODUCTION

Wireless sensor networks (WSNs) play an important role

in the Internet of Things (IoT) for implementing real-time

monitoring or long-term surveillance purposes. In large-scale

WSN, several thousands of sensor nodes powered by batteries

are deployed in a vast region and they coordinate to perform

two main tasks: sensing and communicating. Traditionally, the

sensory data must be periodically sent to a static sink node

through multi-hops communication. However, this approach

is suffering from the hot spot problem where the energy of

nodes nearer to the sink depletes faster due to the huge traffic

load from far away nodes [1]. To tackle this issue, employing

one or more mobile data collectors as the mobile sinks to

move around and gather sensory data has been considered as

an efficient approach to reduce and also balance the energy

consumption between SNs thus prolong the network lifetime

[2].

Recently, the Unmanned Aerial Vehicles (UAVs) technology

have seen rapid growth with application in various fields such

as military, emergency rescue, transportation, surveillance and

monitoring. This technology has also emerged as a flexible and

convenient approach to collect the harvested info data in large-

scale WSNs because of their advantages such as low cost,

simple deployment and ability to avoid terrain obstacles com-

pared with other types of mobile collectors. In additional, the

ground-to-air communication links between sensor node (SN)

and UAVs typically exploit the line-of-sight (LoS) propagation

thus the data transmission is more reliable and also provide

higher data rate compared to ground vehicles. However, the

critical issue in this technology is that the UAVs usually have

limited endurance due to the practical physical constraints, and

need to be collected for battery swap or recharging, e.g., the

endurance time can be 30 minutes for a typical rotary-wing

UAV [3].

Similar to other kinds of mobile collector, recent research

works [4]–[8] in UAV-assisted data gathering can be classified

into two basic approaches: rendezvous-less and rendezvous-

based. The former approach requires the UAVs to visit every

SN neighborhood at least once so that each SN can send its

data directly to a UAV via single-hop transmission. Although

the rendezvous-less approach improves the communication

reliability and energy conservation of SNs, the length of UAV

trajectory becomes excessively long thus this approach is often

infeasible for large-scale WSNs. This challenging issue can

be resolved by using the rendezvous-based approach, where

the UAVs only visit a subset of predefined nodes called

rendezvous nodes to gather data from their nearby SNs.

Several works [7], [9]–[11] on the rendezvous-based data

gathering have been proposed and most of them follow a

common idea of decomposing the main problem into two sub-

problems which will be solved one by one: i) designing a

clustering scheme wherein the cluster heads (CHs) take the

responsibility as rendezvous nodes to gather data from each

cluster; ii) determining UAV trajectories for collecting the data

at the CHs and transporting to the base sink. Although these

sub-problems are easier to deal with, this method can affect

the solution quality.
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In this paper, we address at the same time the optimization

problem of both the network clustering and UAV trajectory de-

signing for a data collection period (or a round in other words)

in WSN. Our objective is to maximize the network lifetime,

which can be employed in each round by using an alternative

objective function of SN energy. To this end, we first give

a formulation of the problem under a mixed-integer linear

programming model. Although there exist previous works

in the literature that study the UAV-assisted data gathering

problem using linear programming approach, however, they

are not general enough that the proposed model considers

only the scenario of a single UAV as in [12]–[15] or follow

the rendezvous-less approach as in [16]. To the best of our

knowledge, this work is the first attempting to propose a MILP

formulation for the rendezvous-based data gathering problem

with multiple UAVs in WSN. Our contributions are as follows:

• We introduce two formulations of the problem under a

mixed-integer linear programming model, namely the 2-

index and 3-index models. Then we show that the 3-index

model can bring significant savings in computational

effort compared to the 2-index model, even though it has

a higher number of variables and constraints.

• We propose a heuristic model that reduces the number

of variables in the 3-index model to solve the problem

instance representing a practical larger-scale network with

size in hundreds.

• We conduct experiments to demonstrate our heuristic

model’s effectiveness in terms of extending network

lifetime compared to the existing proposal.

The rest of this paper is organized as follows. Section II

describes the system model. Section III presents two proposed

MILP formulations for the problem. Section IV discusses our

numerical and experimental results. Section V concludes the

paper.

II. SYSTEM MODEL

We consider a sensor network consisting of a sink node s0
and a set of n sensor nodes (SNs) S = {s1, ..., sn}. Assume

that the data of all sensors must be collected at the sink

periodically with a completion time required of Tmax seconds,

which is determined from the application requirements. Each

period of data collection is called a round and Tmax is called

the round length. There are m rotate wing UAVs deployed to

collect data from sensors, all fly at a fixed altitude h. In each

round, the network is partitioned into clusters and each SN

transmits its data to an associated CH in a multi-hop fashion.

Then each UAV departs from the sink, sequentially visits some

specified CHs to collect data and finally return to the sink.

Assume that the residual energy of SN si after the rth round

is Er
i the amount of data to collect at si is bi. The problem

asks for a data collection scheme in the (r + 1)th round

including k ≥ 1 cluster trees and m UAV trajectories so that

the minimum SN energy after (r + 1)th round is maximized,

while satisfying the following:

• Each cluster tree is rooted at the CH and spans all cluster

nodes.

• Each SN is included in exactly one cluster tree.

• Each UAV trajectory is a ring that contains the sink.

• Each CH is included in exactly one UAV trajectory.

• Each UAV trajectory has length less than a given value

Lmax

We utilize the same radio model as discussed in [17]. In

this model, the free space (d2 power loss) model is used if the

distance between the transmitter and the receiver is less than

a d0 threshold, otherwise the model of multi-path (d4 power

loss) is used. Thus, the energy spent to transmit a l-bits packet

over distance d is:

ETx(l, d) =

{

lEelec + lǫfsd
2, d < d0

lEelec + lǫmpd
4, d ≥ d0

(1)

The energy spent by the radio to receive l-bits of data is:

ERx(l) = lEelec (2)

For more convenient, let ERx = Eelec be the per-bit receiving

energy of a SN and E
ij
Tx = Eelec + ǫfsd

2
ij be the per-bit

transmitting energy from node si to sj , respectively. Thus, if

node si has to relay Bi bits of data from the descendants in

its cluster tree in a round, then the total energy consumption

of si after the round is calculated as:

Ec
i = ERx(Bi) + ETx(Bi + bi)

= (ERx + E
ij
Tx)Bi + E

ij
Txbi

(3)

The remaining energy of si after the (r + 1)th round is

Er+1

i = Er
i − Ec

i (4)

The multi-UAVs data collection problem asks for m data

forwarding trees corresponding to m clusters, each of which

roots at a CH node and k UAV trajectories which start and

end at the sink. The objective is to maximize the network

lifetime, which is defined as the time span from deployment

to the instant when the first SN run out of energy.

III. MILP FORMULATIONS

A. Objective function and basic constraints

Both formulations proposed in this section used the same

objective function and shared some basic variables and con-

straints. We will first present these fundamentals in this

subsection.

In both formulations, the cluster configuration (i.e the net-

work spanning forest) and all UAV trajectories will be defined

by two types of binary variables xij and rij . In particular, the

variable xij takes value 1 when si and sj are in the same

cluster and sj is the parent node of si in the data forwarding

tree, otherwise xij is set to 0. Next, the binary variable ri takes

value 1 if si and sj are two CHs visited by the same UAV

and sj is visited right after si on the trajectory, or rij = 0 if

one of these above conditions is violated.

Since we aim to maximize the network lifetime, the ob-

jective function in the MILP model must be relevant to the

residual energy of SNs. Thus, we define n + 1 real variables

e1, e2, ..., en, emin where the first n variables equal to n values



of SN’s residual energy, respectively and the (n+1)th variables

that will take the minimum value among these former.

With these above variables, the problem objective and basic

constraints are given from (1) to (5).

Objective: max f = αemin + (1− α)
1

N

∑

i∈V ∗

ei (O)

Constraints:

∑

j∈V \{i}

xij +
∑

j∈V \{i}

rij = 1 ∀i ∈ V ∗ (B.1)

∑

j∈V \{i}

rij =
∑

j∈V \{i}

rji ∀i ∈ V ∗ (B.2)

∑

j∈V ∗

r0j ≤ m (B.3)

xij = 0 ∀i, j ∈ V

and dij > R (B.4)

xij , rij ∈ {0, 1} ∀i, j ∈ V (B.5)

emin ≥ 0, ei ≥ emin ∀i ∈ V (B.6)

As shown in (O), the objective of the MILP model is to

maximize a weighted sum of emin and 1

N

∑

i∈V ∗ ei, that are

respectively the minimum and the average residual energy of

SNs. Intuitively, since the network lifetime is equal to the

time until the value of emin reaches 0, we want to decrease

the reduction rate of emin in the long-term thus our approach

is to greedily maximize the value of emin after each round.

However, we also need to consider the average residual energy

in the network to avoid the case of inefficient consumption at

other SN with higher energy.

For example, Fig. 1 illustrates two different cluster con-

figuration for a network scenario where s1 and s2 are CHs.

In this example, we assume that all SNs start with the same

energy and generate the same 1 byte of data. Both cluster

configurations yield the same value of emin which equal the

residual energy of the CH nodes since each of them consume

the same amount of energy to receive 1 byte and transmit

2 bytes to the UAV. However, the second configuration is

more efficient because the other nodes s3 and s4 consumed

less energy due to shorter transmission range. Therefore, by

including the average SN energy in the objective as in (O),

the better configuration is chosen.

s1 s2

s3 s4

D2

s1 s2

s3 s4

D1

Configuration BConfiguration A

Fig. 1: An example of two cluster configurations.

In section IV, we will do the experiment to find the optimum

weight value α so that the network lifetime is maximized.

Next, consider the basic constraints, constraint (B.1) means

that a SN must be either forward data to its parent node if

it is not a CH (
∑

j∈V \{i}

xij = 1) or else forward data to a

corresponding UAV (
∑

j∈V \{i}

rij = 1). Constraint (B.2) require

that number of UAVs that arrive and leave a SN must be the

same, namely equal to 1 if it is a CH and equal to 0 otherwise.

The maximum number of UAVs is met due to (B.3). Finally,

constraint (B.4) indicates that a SN si could send data to sj
only if the Euclide distance dij between them is not exceed

the maximum radio range R.

In the next two subsection, we present two completed MILP

formulations for the multi-UAV data collection problem by

adding other constraints on SN energy and trajectory length

of UAV.

B. 2-index formulation

In this formulation, we define the integer variables Bn
i and

Be
ij to calculate the energy expense on each SN. In particular,

Bn
i count the amount of data in bits that si received from its

descendants, while Be
ij count the amount of data sent from

si to sj . The constraints related to Bn
i and Be

ij are given in

(F1.1) and (F1.2).

∑

j∈V

Be
ji = Bn

i ∀i ∈ V ∗ (F1.1)

Bn
i + bi ≤ Be

ij +M(1− xij) ∀i ∈ V ∗

, j ∈ V (F1.2)

Constraint (F1.1) means that the amount of data that node

si received must be equal to the total amount of data sent

through all of its incoming link. In (F1.2), the big-M notation

is used to formulate a disjunctive constraint. Specifically, if

sj is the parent node of si (xij = 1) then the amount of

data sent through the link si − sj must not be less than the

total amount that si received Bn
i plus the amount generated by

itself bi. Otherwise, if xij = 0 then the inequality (8) becomes

Bn
i + bi ≤ Be

ij +M and always gets true since M is chosen

as a very large value.

By applying the results in (3) with the variables Bn
i and Be

ij ,

the energy consumption at SNs can be formulated as follow:

Er
i − ERxB

n
i −

∑

j∈V ∗\{i}

E
ij
TxB

e
ij ≥ ei

∀i ∈ V ∗ (F1.3)

Er
i − ERxB

n
i − EUAV

Tx (Bn
i + bi)

≥ ei −M



1−
∑

j∈V \{i}

rij



 ∀i ∈ V ∗ (F1.4)

Here in (F1.3), the residual energy of a SN si must be

less or equal than the initial value subtracted to the receiving

energy (ERxB
n
i ) and the total transmitting energy on the

outgoing links (
∑

j∈V ∗\{i} E
ij
TxB

e
ij ). The constraint (F1.3)

can be applied for all SNs, however it only takes into ac-

count the energy consumption for the radio communication



between SNs. Then for the CHs, we also need to consider

the energy spent to transmit data to the UAV. This is done

by constraint (F1.4), which is only applied with the CH node

where
∑

j∈V \{i} rij = 1 by using big-M formulation.

Consider the constraint on UAV trajectory, we introduce

the real variables Li corresponding to each SN si. If si is CH

then Li is equal to the length that its corresponding UAV (i.e.

the UAV assigned with si) has flown from departure until it

arrive at the hovering position above si. In the opposite case,

the value of Li is set to 0. Therefore, if si and sj are two

consecutive nodes in a UAV trajectory (i.e. rij = 1), the value

of Lj is equal to Li plus the Euclide distance dij between

these two nodes. As a consequence, the total length of an

UAV trajectory is calculated as Li + di0 where si is the last

node in the trajectory (this condition is equivalent to ri0 = 1).

Finally, the linear constraints related to the UAV trajectory are

given in (F1.5) and (F1.6).

Li + dij ≤ Lj +M(1− rij) ∀i, j ∈ V (F1.5)

Li + di0ri0 ≤ Lmax ∀i ∈ V (F1.6)

In summary, the 2-index formulation for the data collection

problem with multiple UAVs is:

Objective max f (F1)

subject to (B.1) - (B.6) and (F1.1) - (F1.6)

C. 3-index formulation

Although the above formulation is compact which only has

O(n2) variables and constraints, however it is based on the

big-M notation. It is known that the big-M contraint typically

yields a very poor lower bound in the search trees and thus

leading to a slower solving time []. Thus, in this subsection,

we present a novel MILP formulation that can exclude the

big-M notations.

This formulation is inspired by the multi-commodity flow

formulation for the Ring-Tree problem in [18]. Here we

assume that there are n flows of commodity, each of them

originates from a SN and terminates at the sink node. We

call the flow that start from a source node sk as the kth

commodity flow. Then the continuous flow variable fk
ij ∈ [0, 1]

is introduced to model the amount of the kth flow that is

transferred from si to sj . All flow variables must be satisfied

the following constraints:

fk
ij ≤ xij + rij ∀i, j, k ∈ V (F2.1)

∑

j∈V ∗

fk
0j −

∑

j∈V ∗

fk
j0 = −1 ∀k ∈ V ∗ (F2.2)

∑

j∈V \{k}

fk
kj −

∑

j∈V \{k}

fk
jk = 1 ∀k ∈ V ∗ (F2.3)

∑

j∈V \{i}

fk
ij −

∑

j∈V \{i}

fk
ji = 0 ∀i, k ∈ V ∗ (F2.4)

fk
ij ∈ [0, 1] ∀i, j, k ∈ V (F2.5)

Constraint (F2.1) means that a commodity flow can only

be transferred from si to sj if the edge (si, sj) is either in

a cluster tree (xij = 1) or in a UAV trajectory (rij = 1).

Constraints (F2.2), (F2.3) and (F2.4) are the flow conservation

constraints at the sink node, the source node and the transit

nodes, respectively.

The flow-based model helps to eliminate the case where

a solution contains subtour in a cluster or UAV trajectory

since every flows must be end at the sink node. Moreover,

these flow variables could be used to formulate other specific

constraints of our problem, namely we can calculate the energy

consumption of a SN based on the amount of flow that go in

and out at that node and calculate the UAV trajectory lengths

based on the paths of some certain flows.

First, consider the energy constraints, we need to calculate

the amount of data that a SN received and sent. This is directly

related to measuring the amount of flow that go in and out at

a SN. However, we should notice that there are two types of

flow at a SN si: the intra-cluster flow that originated from a

SN sj in the same cluster with si and the inter-cluster flow

that comes from a different cluster. In the real network context,

an intra-cluster flow indicates that there is a data transmission

between SNs, while an inter-cluster flow can be seen as an

UAV movement between two CHs.

01

2
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4
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7

8

9

10

11

12

13

trajectory 1

trajectory 2

sink

cluster head

Fig. 2: Example of intra-cluster and inter-cluster flow.

Accordingly, we define the second flow variables gkij to

measure the intra-cluster flows transferred between nodes. It

is easy to see that a flow transferred from si to sj is an

inter-cluster flow if and only if si and sj are two consecutive

nodes on a UAV trajectory or when rij = 1 in other word (as

illustrated in Fig. 2). Thus, the mathematical form of gkij can

be written as:

gkij =

{

fk
ij if rij = 0

0 if rij = 1
(5)

The above formula can be translated to the linear constraints

as follow:



gkij ≤ fk
ij ∀i, j, k ∈ V (F2.6)

gkij ≥ fk
ij − rij ∀i, j, k ∈ V (F2.7)

gkij ≤ 1− rij ∀i, j, k ∈ V (F2.8)

gkij ≥ 0 ∀i, j, k ∈ V (F2.9)

More details, when rij = 0 then the inequality (F2.7)

become gkij ≥ fk
ij and by combining with (F2.6) we have

gkij = fk
ij . Similarly, when rij = 0 then we have gkij ≤ 0 from

(F2.8) and gkij ≥ 0 from (F2.9), thus gkij = 0. In both case,

the value of gkij always satisfies (5).

With the introduction of intra-cluster flow variables gkij , the

constraints on energy consumption of SNs are:

Er
i − ERx

∑

j∈V \{i}

∑

k∈V ∗

bkg
k
ji

−
∑

j∈V \{i}

E
ij
Tx

(

∑

k∈V ∗

bkg
k
ij

)

≥ ei ∀i ∈ V ∗ (F2.10)

Er
i − (ERx + EUAV

Tx )
∑

j∈V \{i}

∑

k∈V ∗\{i}

bk(g
k
ji − gkij)

−EUAV
Tx bi

∑

j∈V \{i}

rij ≥ ei ∀i ∈ V ∗ (F2.11)

Next, the constraints on UAV trajectory lengths are given

in (F2.12)

d0k
∑

j∈V \{i}

rij + dij
∑

j∈V \{i}

(fk
ij − gkij) ≤ Lmax

∀k ∈ V ∗ (F2.12)

To sum up, the proposed 3-index formulation is as follow:

Objective max f (F2)

subject to (B.1) - (B.6) and (F2.1) - (F2.12)

D. Formulation analysis

Both presented formulation employ 2n2 + n + 1 base

variables including n2 variables xij , n2 variables rij and n+1
variables emin, e1, ..., en. In the 2-index formulation, there are

an additional of n2 + 2n variables including Bni, Beij and

Li. Thus there are in total 3n2 + 3n + 1 variables in this

formulation. For the 3-index formulation, we introduce 2n3

flow variables fk
ij and gkij . However, since we have xij = 0

and gkij = 0 for all i, j such that dij > R (i.e. sj is out of

transmission range of si) then we can reformulate the 3-index

formulation so that there are only nδ variables xij and n2δ

variables gkij where δ is the maximum number of neighbor

nodes of a SN. In general, the 3-index formulation has higher

number of O(n3) variables and constraints compared to O(n2)
in the 2-index formulation, however we will show in the

experiment that the solving time of the 3-index formulation is

significantly faster than the other one because it can exclude

the big-M notation.

E. Heuristic model

Through the experiment, we find that our best MILP model

can only deal with the problem of moderate size, namely up to

50 SNs thus it is insufficient to apply in a large-scale network

of several hundred or thoudsands of nodes. Thus we propose

a simple heuristic to reduce the number of variables in the

MILP model. Since our objective is to prolong the network

lifetime, the selected CHs in a round should be the nodes

with higher residual energy. Therefore, we restrict the set of

potential nodes to become CHs to the set of P percent of

nodes with the highest energy in the network NP . As a result,

the number of variables rij can be reduced from n2 to |NP |
2

because rij = 0 if either i or j is not in the set of potential

CHs NP and the number of variables fk
ij can also be reduced

from n3 to |NP |
3.

The first competitor is the Convex-Hull based protocol

(CHP) in [10], which also handled the case of multiple UAVs.

This protocol firstly divide the network into multiple sectors

with the same percentage of energy decrease and each mobile

collector (MC) is associated with an unique sector. An UAV

trajectory is constructed inside its sector at initial by a geo-

metrical method and then a simulated-annealing adjustment is

adopted to improve the trajectories in term of total network

energy consumption.

IV. EXPERIMENTS

In this section, we first compare internally between two

proposed MILP models and the heuristic implementation

regarding the computation time and optimality. Later we

evaluate the network lifetime performance when applying the

heuristic model in comparison with an existing work. In the

experiments, the network size is varied from 15 to 100 nodes.

The communication range of a sensor node is 40m, and the

flying altitude H of each UAV is 20m. By default, each SN

si generates a data packet of a fixed size of 100Kb per round.

Each SN’s initial energy is randomly selected from the interval

[20J, 40J], thus reflecting heterogeneous WSNs. Table I sums

up the experiment settings and parameters.

All MILP models were solved by using the commercial

MIP solver CPLEX in version 20.10. The experiments were

run on a computer with an Intel(R) Core(TM) i7-4770 CPU

@ 3.40GHz and 8 GB of RAM. For each test instance, the

relative MIP gap tolerance is set to 0.1%. We also set a solving

time limit of 30 minutes in CPU time. Then if the running

time for a test instance exceeds the predefined time limit, we

terminate the solving process and record the best gap achieved.

Other configuration parameters of the CPLEX solver are left

as default.

A. Impact of the weight parameter α

Firstly, we examine the most efficient value of the weight

factor α in the objective function that would induce the longest

network lifetime. In particular, we experiment on a random

WSN with 30 SNs and the value α is varied from 0.1 to 1. The

network keep operating until the first SN is exhausted and we

apply the 2-index model to obtain the network configuration



TABLE I: Default experiment settings

Network

Area
15/20/30 SNs: 50m × 50m
50 SNs: 75m × 75m
100 SNs: 100m × 100m

Sink location Center of the square area
Number of SNs 15 - 100
Number of UAVs 2
Max. trajectory length 100m
Packet size 100Kb
SN energy Random in [20J, 40J]

Radio
Communication range 40m
Eelec 50 nJ/bit

ǫfs 10 pJ/bit/m2

ǫmp 0.0013 pJ/bit/m4

Fig. 3: Impact of the weight α to the network lifetime

in each round. Besides, we use a smaller data packet size of

10Kb for all SNs to differentiate between results more clearly.

Fig 3 depicts the experiment results of network lifetime with

different value of α. As can be seen, the value α equal to

0.6 achieved the longest lifetime, namely approximate 2000

rounds. Accordingly, we will used the value α = 0.6 in the

next experiments.

B. Comparison between models

In this second experiment, we will compare the performance

of two proposed MILP models and the heuristic implementa-

tion in terms of solving time and optimal gap. Here, we test

each model on several network instances where the number of

SNs and there are 20 network instances randomly generated

for each network size. In this experiment, we also consider

two different energy settings. In particular, for each network

size, there are only 10 instances that take the default energy

setting as presented above. With the 10 remaining network

instances, each SN will take a random energy value from a

more narrow interval [10J, 12J]. This second energy setting

reflects the situation in a later round when the SN energies

are gradually balanced through multiple previous rounds.

We provide the comprehensive results in Table II. In this

table, the solving time and the best relative gap to the optimal

solution, including the average and the worst case value,

are respectively presented in the column ”time” and ”gap”.

Besides, the column ”Popt” shows the percentage of instances

that can be solved optimally over 20 instances. Especially, a

cell in column ”gap” or ”Popt” is left blank in case that all

test instances are solved optimally.

TABLE II: Comparison between models

N Model Popt
Time (s) Gap (%)

avg max avg max

15

2-index 0.50 2.05
3-index 2.83 7.75

Heuristic 50% 0.13 0.20
Heuristic 20% 0.02 0.14

30

2-index 5.58 20.23
3-index 45% 1026.02 1800.00 2.07 9.24

Heuristic 50% 2.63 7.17
Heuristic 20% 0.37 0.67

50

2-index 95% 256.66 1800.00 0.05 0.10
3-index 0% 1800.00 1800.00

Heuristic 50% 38.62 122.77
Heuristic 20% 95% 5.82 12.17 0.04 0.11

100

2-index
3-index

Heuristic 50%
Heuristic 20% 126.61 360.09

Fig. 4: Network lifetime in multi UAV scenario

According to the results,

C. Performance of the heuristic model

To illustrate the effectiveness of our heuristic MILP ap-

proach, we compare it with the Convex-Hull-based protocol

(CHP) in [10]. This protocol firstly divides the network into

multiple sectors with the same percentage of energy decrease,

and each mobile collector (UAV) is associated with a unique

sector. A UAV trajectory is constructed inside its sector at

initial by a geometrical method. Then a simulated-annealing

adjustment is adopted to improve the trajectories in terms of

total network energy consumption.

Fig. 4 presents the minimum residual energy after each

round when applying our heuristic model and the CHP in a

network with 100 SNs. As can be seen, our algorithm has

a lower rate of energy reduction. As a result, the network

lifetime when applying the heuristic model is 150 rounds,

higher than 36% compare to 110 rounds as in the CHP.

V. CONCLUSION
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