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Abstract—This work studies unmanned aerial vehicles (UAVs)
for data collection and offloading. The UAV collects data from
different types of Internet of Things (IoT) devices on the ground
and offloads the collected data to their corresponding edge
servers. Due to limited energy, the UAV must replace its battery
at a battery station before the energy is exhausted. We aim
to minimize the total completion time by optimizing the UAV
trajectory. The formulated problem is an NP-hard problem,
which is intractable in finding optimal solutions in large-scale
cases. To solve the problem, we propose an efficient solution with
a three-stage heuristic time minimization trajectory planning
(TMTP) algorithm. In the first stage, we simplify the problem as a
traveling salesperson problem (TSP) with precedence constraints
and solve it to find the main visiting order. In the second stage,
we propose a dynamic programming-based algorithm to insert
battery stations in the trajectory to satisfy the energy constraints.
In the last stage, we refine sub-trajectories and reinsert battery
stations by an iterative algorithm to further reduce the previous
time cost. Simulation results demonstrate that our proposed
algorithms are more efficient than the baselines while evaluating
the objective and the running time.

Index Terms—UAV, IoT data collection, trajectory planning,
energy constraints, precedence constraints.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs), with advantages in mo-
bility and flexibility are extensively used for various applica-
tions, including delivery, aerial surveillance, inspection, and
particularly wireless communications [1]. One notable appli-
cation of UAVs in wireless communications is their role as
aerial relays or base stations, offering reliable, cost-effective,
and readily available wireless communication services in the
targeted regions [2]–[5]. In these scenarios, the UAV trajectory
planning problem can typically be formulated similarly to
the traveling salesperson problem (TSP) [3], [6] or a variant
known as the pickup and delivery problem (PDP) [4], [5],
which is also referred to as TSP with precedence constraints
[7]. Edge computing systems aided by UAVs are also being
increasingly studied. In an edge computing scenario, IoT
devices may be situated in distant locations where terrestrial
communications networks are unavailable. In this context,
UAVs are employed as data collectors. The UAV can intermit-
tently approach the IoT devices to collect data through direct
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single-hop communications and offload the data to the edge
servers.

In IoT networks, as the number of IoT devices increases,
handling the significant data amounts from these nodes may
sometimes require multiple edge servers to share the workload.
In this scenario, an essential technique in edge computing to
improve the quality of the computation experience is to use
a task offloading strategy to distribute edge computing tasks
to different edge servers based on the attributes of the task
data and the computational capabilities of each edge server
[8]–[11]. In larger areas with limited communication range,
UAVs must adjust their flight paths and positions to approach
each IoT device and edge server to complete the tasks. UAVs
can act as relays between several pairs of devices [12], [13].
The precedence constraints allow the UAV to avoid revisiting
devices and transform the original TSP problem into a PDP
problem. Optimizing the trajectory is critical to obtain an
optimal completion of services.

Another issue with using UAVs for collecting IoT data is
their limited battery capacities, which restrict their operational
duration. Several studies have shown that UAVs can recharge
or replace batteries at battery stations to serve in missions that
require extended flights. The UAVs can recharge by returning
to the depot or heading to the nearest charging station [14],
[15]. In such a situation, an optimal distribution strategy of
UAV charging stations can effectively expand the operational
range of UAVs [16]. Planning UAV trajectories becomes more
challenging in the presence of multiple charging stations that
can be placed anywhere in the target area [17]. However, an
efficient solution for this issue has not been studied adequately
in the literature.

In this work, we assume that the data collected from each
IoT device has been predetermined to be offloaded at its
corresponding edge server. Then, we focus on studying a
single UAV tasked with collecting data from all IoT devices on
the ground and delivering it to their corresponding edge servers
with energy constraints. In this scenario, due to variations in
computational capabilities among different edge servers, data
from each IoT device is directed to a designated edge server
for processing, with each edge server capable of managing
data from multiple IoT devices. Each node, excluding the
battery stations, is limited to a single visit to reduce the
task completion time. The UAV needs to collect the data
of all IoT devices and then offload the collected data to
their associated edge server. These constraints are referred to
as multiple many-to-one precedence constraints. In addition,
before the battery depletes, the UAV can visit any battery
station to replace it. The remaining energy must not drop to
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zero or a predetermined energy level throughout the UAV’s
trajectory, which we call an energy constraint. This work
conducts trajectory optimization under precedence and energy
constraints.

The main contributions of our work are summarized as
follows:

• We examine the practical use of UAVs for data collection
and offloading with energy constraints. The problem
is formulated as a mixed-integer linear programming
(MILP) problem that is intractable when the number of
nodes is high.

• We design a three-stage time minimization trajectory
planning (TMTP) algorithm to solve the problem effi-
ciently. We first find the visiting order of IoT devices by
solving the TSP, and then insert the edge servers to satisfy
the precedence constraints. A dynamic programming-
based method is proposed to insert battery stations while
satisfying the energy constraints. A novel iterative algo-
rithm is proposed to refine sub-trajectories and reinsert
battery stations, improving further task completion time.

• We provide numerous simulation results to validate the
effectiveness of our algorithm by comparing the perfor-
mance with existing methods in the literature.

The remainder of this paper is organized as follows. Section
II reviews the related work. Section III presents the system
model and problem formulation. Section IV describes our
proposed algorithms. Section V provides simulation results.
Finally, Section VI concludes the paper.

II. RELATED WORK

The use of UAVs in collecting and offloading data from IoT
devices to single or multiple servers has been studied in several
works in the literature. For a single-server scenario, in [18],
the authors designed a UAV-assisted IoT data collection mech-
anism considering mission time and age of information (AoI)
performance in the mission. They then designed a generalized
AoI expectation function to achieve iterative optimization of
UAV flight paths. In [19], the authors aimed to jointly optimize
the trajectory of the UAV and resource allocation under a
deadline for data packet collection. They proposed a reduced
and bounded algorithm for the optimal global solution and an
extension algorithm to minimize the UAV’s flying distance.
In the case of multiple edge servers, after the UAVs collect
data from the IoT device, they must offload the data to the
corresponding edge servers. The UAV has to decide which
server to offload based on multiple factors such as computing
capacity, distance, and energy consumption. In [20], a UAV
was used as a ferry to collect data from different points and
deliver it to one or multiple offloading destinations. A genetic
algorithm-based solution was proposed to find a flying path
with a minimum cost under communication and task deadline
constraints. In [21], a single UAV was employed as a relay
to collect data from a base station and forward it to receivers
at different locations. The goal was to minimize UAV energy
consumption and signal-to-noise ratio outages by optimizing
ferrying distances. In [8], the authors investigated the prob-
lem of energy reduction on UAV-enhanced edge computing

networks. The energy consumption was minimized by jointly
considering offloading decisions, transmitted bits allocations,
and UAV trajectory optimization. In [9], the energy consump-
tion was also minimized along with task completion time by
jointly developing communication resources allocation, UAV
trajectory, and task distribution. In [22], multi-purpose UAVs
were used for delivering packages from a source to a destina-
tion and data from IoT devices to terrestrial base stations. They
designed algorithms to maximize the delivered data amount or
minimize travel time by optimizing the UAV’s trajectory with
the energy consumption constraint. In [23], multiple UAVs
collaborated to relay data from subnets of sensor nodes to
a base station. Given a maximum energy capacity, UAVs’
trajectories, UAV pairing, and hovering time were designed to
optimize the freshness of the data. Relaying data to the base
station via multiple UAVs was also examined in [24], where
data delivery path, working mode selection, and bandwidth
allocation were optimized to minimize data transmission time
and UAVs’ energy consumption. In [25], data from sensor
nodes was first collected at aggregators and then relayed to
a station by the UAVs. All UAVs started at a common station
but were assigned to serve different groups of aggregators.
The objective was to minimize the energy consumption of the
network by optimizing the trajectories of UAVs, the transmit
power of data aggregators, and the location of the station. In
[26], constraints on timeliness of data, collision avoidance,
and energy consumption were handled while planning the
trajectory of a UAV that was used to collect data over areas of
interest and forward the data to the base station. Most of the
above works assumed that regardless of the distance, the UAV
could instantly transmit data from an IoT device to any edge
server for computation. Requiring the UAV to arrive at the
above nodes for data transmission may consume more moving
energy and make the problem more difficult. In their works,
the replacement of the UAV battery was also not considered.

Some studies formulated the UAV-enabled data collection
and delivery problem as classic TSP or PDP problems. In
[27], a TSP-based algorithm was designed to find the optimal
traveling path of a mobile agent that was used to gather
data from sensor nodes. They suggested that the sink should
visit sensors in their overlapping region. The authors in [28]
investigated using a UAV for data collection in wireless sensor
networks. Their work derived a suboptimal clustering-TSP
solution based on decomposing the problem into three sub-
problems and proposed a procedure to solve each subproblem
separately. In [3], the authors studied a UAV-assisted edge
computing system considering the deadline of sensor data.
They proposed an algorithm based on genetic algorithms for
path planning in data collection, which aimed to achieve the
maximum data processing rate and the minimum cost of the
UAV flight. Some works used UAVs as a data relay between
pairs of ground users, and these problems can be considered
one-to-one PDP problems [12], [13]. In [12], the authors
aimed to minimize the completion time of the UAV mission
through an iterative algorithm based on block coordinate
descent techniques. In [13], the authors further considered
the joint optimization of energy and trajectory based on path
discretization and solved it using an iterative algorithm. The
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paper in [29] investigated a many-to-many PDP problem, in
which each item may have multiple PDP locations, and any
location may be a PDP location for multiple items. To solve
this problem, the authors constructed a truck-drone cooperative
delivery model and solved it with an evolutionary algorithm.
However, their work did not consider task offloading issues
with multiple edge servers as studied in our work.

Several previous works have considered the limited battery
capacity of vehicles by including the possibility of charging
the battery at charging stations in route planning. For example,
the system model in [15] considered recharging for electric
vehicles used in the TSP with time windows. To minimize
the final trajectory distance, the authors designed a hybrid
algorithm that employed the simulated annealing algorithm
and tabu search. In [30], the authors focused on a single UAV
routing problem with energy constraints while assuming that
the UAV can refuel the energy at any depot. They proposed fast
construction and improvement heuristics to solve the routing
problem. In [31], the authors designed an iterative cooperative
path planning algorithm with a constant approximation ratio
for multi-UAVs servicing many ground users. Their work also
considered the limit on the battery capacity of the UAV and
allowed the UAV to travel to charging stations when planning
their route. In [32], a swarm of UAVs was scheduled to
visit the cluster head of the sensor nodes for data collection
before reaching a common endpoint. A Deep Q-network-
based solution was proposed to solve the UAV path planning
problem, which aimed to minimize the energy consumption.
A single UAV was dispatched in [33] to collect data from
sensor nodes and transmit the collected data to a data center.
They assumed that charging stations could be placed in the
network to replenish the UAV’s battery. By optimizing the
charging station placements and the UAV trajectory, the age
of information was minimized in their work. Note that most of
the above UAV energy-limited problems only considered the
UAV energy limitations and charging issues in the route, but
did not consider scenarios with either precedence constraints
or multiple targets of data delivery. In the context of the PDP
problem, precedence constraints are necessary and practical,
but may make the original problem more complex. In particu-
lar, none of the above papers addressed the many-to-one PDP
problems with the battery replacement issue in UAV-enhanced
wireless networks.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

This work employs a single UAV for data collection from
IoT devices with precedence and energy constraints. The
precedence constraint means that the UAV must collect data
from all IoT devices in a certain group before offloading
data to the corresponding edge server. The energy constraint
requires the UAV to replace the battery at some battery stations
before it runs out. We assume the UAV takes off from a depot
and must return to that location after completing the mission,
as illustrated in Fig. 1.

Let V1 = {1, 2, ...,M} denote the set of M IoT devices,
V2 = {(M + 1), (M + 2), ..., N} be the set of (N − M)

Fig. 1: Illustration of UAV-enabled IoT data collection and
offloading with energy constraints.

edge servers, and V3 = {(N + 1), (N + 2), ..., (N + L)}
represent the set of L battery stations. Note that IoT devices
and edge servers can only be visited once. However, the battery
station can be visited more than once if necessary. For ease of
presenting our problem formulation, let V = {0}∪V1∪V2∪V3,
where the number “0” represents the depot. We use Im to
represent a set of IoT devices whose data will be offloaded to
an edge server m. For n ∈ V1 and m ∈ V2, let dn and dm
denote the amount of data to collect from an IoT device n and
the amount of data to be loaded onto an edge server m. The
amount of data to be offloaded to an edge server m, denoted
as dm, can be computed as the sum of the data from the IoT
devices in Im. That is,

dm =
∑
n∈Im

dn, (1)

for all m ∈ V2. To maintain a high-speed and reliable trans-
mission link, data collection and offloading actions require
the UAV to hover above the respective node to proceed. In
this case, the communications channel is dominated by a line-
of-sight (LoS) link, and the IoT device-to-UAV (as well as
UAV-to-edge server) data transmission rate can be expressed
as [9], [13], [33]–[36]

R = B log2

(
1 +

PtβH
−α

BN0

)
, (2)

where B indicates the channel bandwidth, Pt accounts for the
transmit power, β represents the average reference channel
power gain, H denotes the UAV’s constant flying altitude, α
denotes the path loss exponent, and N0 is the noise power
spectral density. Note that the small-scale fading is ignored
in (2) since its impact on the transmission rate is significantly
small when the UAV is above the ground devices, as illustrated
in [34]. For ease of exposition, we suppose that the UAV and
IoT devices have the same transmission rate. The hovering
time of the UAV for data collection or offloading can be
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computed as

tdata
i =

di
R
, (3)

where i can either be an IoT device or an edge server, i.e.,
i ∈ {V1 ∪ V2}.

B. Problem Formulation

Let us define a binary variable xi,j , where xi,j = 1 if the
UAV flies from node i to node j on the trajectory and xi,j =
0, otherwise. Formulating the problem is challenging because
of the energy constraint. Note that some battery stations may
be visited more than once, while others may not be visited.
To handle this, we define a set of dummy nodes V ′

3 , each
representing a possible visit of the UAV to any battery station.
The UAV may need to visit one of the battery stations after
leaving the depot, any IoT device, or any edge server. After
replacing the battery, we assume the UAV’s energy is always
sufficient to visit the next IoT device or edge server. In other
words, the UAV does not need to visit consecutive battery
stations. Therefore, the UAV may visit up to N + 1 times
a certain battery station. The maximum number of dummy
nodes in V ′

3 can be determined as L × (N + 1), where L is
the number of battery stations. To this end, the set of battery
stations V3 is replaced by the set of dummy nodes V ′

3 , i.e.,
V = {0}∪V1∪V2∪V ′

3 . The number of nodes in the problem
is N ′ ≜ (L+ 1)× (N + 1).

To formulate the precedence constraints, we adopt the
Miller-Tucker-Zemlin (MTZ) method proposed in [37] for the
classical formulation of the TSP problem. Specifically, we
introduce auxiliary variables ui, for all i = 1, . . . , N ′, to track
the visiting order of each node i. In this case, ui < uj implies
that node i is visited before node j on the path. The precedence
constraint for each group of IoT devices requires the UAV to
collect data from all IoT devices in the group before offloading
it to the corresponding edge server. This is equivalent to

um − un ≥ 1, ∀n ∈ Im,m ∈ V2. (4)

Regarding the energy constraint, we define ph and pf as
the UAV’s hovering and flying power consumption rates,
respectively. Let zout

i denote the remaining energy of the UAV
leaving the node i, and zin

i denote the remaining energy of
the UAV arriving at the node i, i ∈ V . The maximum battery
capacity of the UAV is given as Q. We must have

0 ≤ zin
i ≤ Q and 0 ≤ zout

i ≤ Q, (5)

for all i ∈ V . Let qi ≜ (xi, yi, 0) be the location of node
i in V . The UAV is assumed to fly at a fixed speed v. The
traveling time between two nodes i, j is defined as

ti,j =
∥qi − qj∥

v
, (6)

for all i, j ∈ V . The energy consumption for flying from node
i to node j can be calculated as pf × ti,j × xi,j . It must hold
that

zin
j = zout

i − pf × ti,j × xi,j , (7)

for all i, j ∈ V . Once the UAV arrives on IoT devices or edge
servers, it hovers for a specific time for data transmission.

This behavior’s energy consumption depends on the hovering
time, which is defined in (3). It is worth noting that the
communication power consumption is negligible compared
to the propulsion power consumption [23], [24], [32] and,
thus, is not considered in this paper. When the UAV leaves a
battery station, the remaining energy will be refreshed to the
maximum capacity. The above requirements can be expressed
by

zout
i =

{
zin
i − ph × tdata

i , i ∈ {V1 ∪ V2},
Q, i ∈ V3.

(8)

Note that each battery replacement at the battery station
consumes a constant time C. The objective of the problem is to
minimize the completion time, which can be expressed as the
sum of the traveling time and the time spent on replacing the
battery. Note that we do not consider the data collection and
offloading time in the objective since the total data collection
and offloading time is fixed, regardless of the visiting order in
the UAV trajectory. The problem can be formulated as

min
xi,j ,ui,

zin
i ,z

out
i ,∀i,j∈V

( ∑
i,j∈V,i ̸=j

ti,jxi,j +
∑

i∈V,j∈V ′
3

xi,jC
)
, (9a)

subject to (4), (5), (7), (8), (9b)
xi,j ∈ {0, 1}, ∀i, j ∈ V, (9c)∑
j∈V,i̸=j

xi,j = 1, ∀i /∈ V ′
3 , (9d)∑

j∈V,i̸=j

xi,j ≤ 1, ∀i ∈ V ′
3 , (9e)∑

i∈V,i̸=j

xi,j =
∑

i∈V,i̸=j

xj,i, ∀j ∈ V, (9f)

ui − uj +N ′(xi,j − 1) ≤ −1, ∀i ≥ 1,

j ≥ 1, i ̸= j, (9g)
xi,j = 0, ∀ i, j ∈ V ′

3 , (9h)
zout
0 = Q, (9i)
1 ≤ ui ≤ N ′, ∀i ≥ 1. (9j)

The constraint in (9d) ensures that all IoT devices and edge
servers must be visited exactly once. The constraint in (9e)
guarantees that each dummy node can be visited at most
once. Note that multiple visits to a battery station are allowed
via association with multiple dummy nodes. The number of
incoming and outgoing must be the same for each node as
indicated by the constraint in (9f). The constraint in (9g)
is used for the elimination of subtours following the MTZ
formulation, and the constraint in (9h) makes sure that the
UAV will not consecutively visit two battery stations. Finally,
the constraints in (9i) and (9j) account for the initial energy
of the UAV and the bounds of the auxiliary variable ui,
respectively.

The problem in (9) is a mixed-integer linear programming
(MILP) optimization problem, which is an NP-hard problem.
Finding its globally optimal solution is impractical in large-
scale situations. For example, given N = 100 and L = 4,
the total number of nodes in the formulated problem is up
to N ′ = (L + 1) × (N + 1) = 505, which is intractable
to be solved using exact algorithms. One can follow the
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alternating optimization approach to decompose the problem
into subproblems and solve them iteratively. However, the
combinatorial nature of binary variables makes it intractable
to solve exactly after decomposition. To deal with this, we
propose a three-stage heuristic algorithm to find a feasible
solution to the above problem efficiently.

IV. TIME MINIMIZATION TRAJECTORY PLANNING
(TMTP) ALGORITHM

This section describes our proposed time minimization
trajectory planning (TMTP) algorithm, which is composed of
three stages. In the first stage, we propose a Trajectory with
a Precedence Constraints Algorithm to generate the visiting
order of IoT devices and edge servers without considering the
energy constraint. In the second stage, we propose a Battery
Station Selection Algorithm to insert battery stations and find a
feasible trajectory under the energy constraint. In the last stage,
we design a Trajectory Refining Algorithm to reduce further
the trajectory’s completion time obtained in the previous stage.

A. Trajectory with Precedence Constraints Algorithm

In this stage, we generate a UAV visiting order π =
{π0, π1, π2, ..., πN , πN+1} with precedence constraints only,
without considering the energy constraint. After complet-
ing the mission, the UAV must return to the depot, i.e.,
πN+1 = π0. By temporarily disabling the energy constraint,
the problem can be viewed as a multiple many-to-one PDP
problem, which is also an NP-hard problem. We propose a
simple algorithm to find a suboptimal solution. First, we find
a minimum distance visiting order {π0, π1, π2, ..., πM , πM+1}
serving IoT devices only. The problem reduces to the classical
TSP problem, which is also an NP-hard problem. Finding the
exact solution of such a problem cannot be done in polynomial
time [38]. Here, we follow the method proposed in [39] to
formulate the TSP problem as an MILP problem, which can
be efficiently solved by state-of-the-art optimization solvers,
e.g., Gurobi [40], for a moderate number of nodes. For a
large-scale case, the TSP problem can be solved efficiently by
numerous approximation algorithms proposed in the literature,
for example, the Christofides algorithm in [41]. Note that
all approaches above aim to obtain a suboptimal solution
to the TSP problem. Next, we follow a greedy approach to
insert edge servers into the resulting TSP visiting order while
considering the precedence constraints. Precisely, for each
group of IoT devices, we determine the last node of the group
visited in the visiting order and mark it as pm. Intuitively, we
place the edge server at the position where the flying path
passing through it costs the minimum total distance. Note
that the edge server can only be inserted into the position
after pm in the visiting order. The procedure is summarized
in Algorithm 1. Inserting (N −M) edge servers requires the
worst complexity of O(N(N −M)).

B. Battery Station Selection Algorithm

In the second stage, we consider the energy constraints that
were skipped in the previous stage. The main idea is based

Algorithm 1 Trajectory with Precedence Constraints Algo-
rithm
Input: V1, V2, and Im,∀m ∈ V2.
Output: The trajectory π with precedence constraints.

1: Solve TSP problem for all IoT devices (i.e., all nodes in
V1) to obtain visiting order π with πend as the end node.

2: for each group Im do
3: Find node pm ∈ Im that is last visited in π.
4: Compute Cn as the cost if edge server m is inserted

to position n ∈ [pm + 1, πend].
5: Find n∗ = argminn Cn.
6: Insert edge server m to position n∗ in π.
7: end for
8: Return π

on a dynamic programming approach to insert battery stations
into the trajectory and produce a feasible visiting order for our
problem. We define si, for all 0 ≤ i ≤ N+1, as the state when
the UAV visits the position πi in the trajectory. Then, S =
{s0, s1, . . . , sN+1} is the sequence of states representing the
visiting order π. Furthermore, let bi,j denote the state where
the UAV leaves from si−1 to change the battery at station j,
and then goes to si, as illustrated in Fig. 2. Since the UAV
is required to return to the depot after the mission, we have
s0 = sN+1, b0,0 = s0, and bN+2,0 = sN+1. We need to insert
the battery stations in the trajectory, i.e., adding states bi,j into
the state sequence S, to ensure that the UAV’s energy never
drains out on the way while aiming to minimize the total flight
time.

Let T (bk,l, bi,j), for all k < i and l < j, denote the
travel time from state bk,l passing through intermediate nodes
between πk and πi−1 and arriving the state bi,j . T (bk,l, bi,j)
can be computed as

T (bk,l, bi,j) =


tl,j , if {k = l = 0, i = 1} or

{k = N + 1, i = N + 2, j = 0},
tl,πk

+
∑i−2

n=k tπn,πn+1 + tπi−1,j ,

otherwise,
(10)

where {k = l = 0, i = 1} indicates the case where the UAV
starts from the depot and goes to an IoT device before visiting
a certain battery station, and {k = N + 1, i = N + 2, j = 0}
accounts for the case where the UAV returns to the depot from
a certain battery station. The energy consumption E(bk,l, bi,j)
that corresponds to the time cost T (bk,l, bi,j) can be computed
as

E(bk,l, bi,j) = pfT (bk,l, bi,j) +

{
i−1∑
n=k

ph
dπn

Rπn

}
πn∈V1

+

{
i−1∑
m=k

ph
dπm

Rπm

}
πm∈V2

, (11)

where pf and ph denote the energy consumption rates for flying
and hovering modes, respectively. The terms on the right-hand
side of (11) account for moving energy consumption, hovering
energy consumption for data collection at IoT devices, and
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Fig. 2: Any state bi,j can be inserted between state si−1 and
si to satisfy the energy constraints, for 1 ≤ i ≤ N + 1 and
N + 1 ≤ j ≤ N + L.

hovering energy consumption for data offloading at edge
servers, respectively. Note that the hovering time depends on
data size dπ and transmission rate Rπ .

The dynamic programming approach is employed as fol-
lows. Let dp[i][j] denote the minimum time cost from the
initial state s0 (or b0,0) to state bi,j , for all i, j. Our goal is to
find the optimal result of dp[N +2][0], which is the minimum
trajectory time from state s0 passing through all states si,
1 ≤ i ≤ N , and returning to state sN+1 (or bN+2,0) under
energy constraints. Specifically, we can compute the optimal
time cost at state bi,j as

dp[i][j] = min
0≤k<i,

N+1≤l≤N+L

{
dp[k][l] + T (bk,l, bi,j) + Ci,

such that E(bk,l, bi,j) ≤ Q
}
, (12)

for all 1 ≤ i ≤ N+2 and N+1 ≤ j ≤ N+L, where CN+2 =
0 and Ci = C for all i < N + 2 are battery replacement time
at the state bi,j . In (12), dp[k][l] is the optimal solution from
the depot b0,0 to the state bk,l and T (bk,l, bi,j) is the travel
time cost from bk,l to bi,j .

Algorithm 2 presents details of our proposed dynamic
programming-based algorithm. We first initialize an array dp
to store the task completion time. Select b and Select p
are defined to store the index of the selected battery station
and the position on the trajectory where the battery station is
inserted, respectively. Next, we compute the bottom-up values
of dp[i][j] and find bk,l minimizing dp[i][j] while satisfying
energy consumption E(bk,l, bi,j) ≤ Q. We obtain the final
trajectory by tracing back the selections stored in Select b
and Select p. The time complexity of Algorithm (2) can be
computed as O(N2L2).

C. Trajectory Refining Algorithm

The resulting trajectory in the second stage is a feasible
solution for which the main path relies on solving the TSP
problem in the first stage. Due to the insertion of edge
servers and battery stations after that, the visiting order is
more feasible and could be further improved to minimize the
completion time. An example is shown in Fig. 3, where the
trajectory after stage 1 (blue path) has been inserted with two
battery stations (i.e., between node 2 and node 3 and between
node 6 and node 7) in stage 2, resulting in a new trajectory
(red path). We can see that the visiting order in the segment
between battery station 8 and battery station 9 can be changed

Algorithm 2 Battery Station Selection Algorithm

Input: Trajectory without energy constraints π.
Output: Trajectory with energy constraints π̂.

1: Initialize:
2: Set dp[0][0] = 0, dp[i][j] = ∞,∀i > 0, j > 0.
3: Set C0 = 0, Ci = C, ∀i > 0.
4: Set Select p[i][j] = 0, Select b[i][j] = 0,∀i, j.
5: for i = 1 to N + 1 do
6: for j = N + 1 to N + L do
7: for k = 0 to i− 1 do
8: for l = N + 1 to N + L do
9: Compute T (bk,l, bi,j) and E(bk,l, bi,j)

using (10) and (11).
10: if dp[k][l] + T (bk,l, bi,j) < dp[i][j] and

E(bk,l, bi,j) ≤ Q then
11: dp[i][j] = dp[k][l] + T (bk,l, bi,j) + Ci

12: Select p[i][j] = k
13: Select b[i][j] = l
14: end if
15: end for
16: end for
17: end for
18: end for
19: Set π̂ = π, i = (N + 2), j = 0
20: while i > 0 do // trace back to get trajectory
21: Insert Select b[i][j] into position Select p[i][j] of π̂.
22: Set i = Select p[i][j], j = Select b[i][j].
23: end while
24: Return π̂

Fig. 3: Trajectory after stage 1 (blue) and trajectory after stage
2 (red).

to minimize the time cost further. Furthermore, the energy
constraint of the segment will still hold as long as the new
visit order has a shorter time cost.

Inspired by the above observation, we divide the trajectory
into multiple sub-trajectories at battery stations and refine
each sub-trajectory while ensuring precedence and energy
constraints. Specifically, we separate the trajectory sequence
π̂ obtained in the second stage into multiple sub-trajectories
partitioned by battery stations. Let W be the number of sub-
trajectories. Each sub-trajectory is denoted as σi, 0 ≤ i < W ,
and is refined individually using Algorithm 1. After each
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Algorithm 3 Iterative Algorithm for Refining Trajectory

Input: π̂
Output: π∗

1: while true do
2: Separate π̂ by battery stations and get W sub-

trajectories σi, for all 0 ≤ i < W .
3: for i = 0 to (W − 1) do
4: Apply Algorithm 1 for sub-trajectory σi, ob-

tain σ∗
i .

5: end for
6: Concatenate all sub-trajectories σ∗

i get trajectory π̂′.
7: if π̂′ = π̂ then // if trajectory is not improved
8: π∗ = π̂′

9: break
10: end if
11: Remove battery stations in π̂′ to get π̂temp.
12: Apply Algorithm 2 for π̂temp to insert battery sta-

tions, obtain π̂′′.
13: if π̂′′ = π̂′ then // if trajectory is not improved
14: π∗ = π̂′′

15: break
16: end if
17: π̂ = π̂′′

18: end while
19: Return π∗

Fig. 4: Trajectories after refining sub-trajectories (blue) and
refining battery stations’ positions (red) in stage 3.

sub-trajectory σi is refined, we concatenate all σ∗
i to get a

complete trajectory π̂′ satisfying the energy and precedence
constraints. If the trajectory cost of π̂′ is not better than that
of the previous trajectory, we use trajectory π̂′ as the final
result. Otherwise, we temporarily remove the battery stations
and then apply Algorithm 2 to insert new battery stations,
aiming to improve the trajectory cost further. Let us denote
the resulting trajectory by π̂′′. If the trajectory cost of π̂′′

is not better than π̂′, we will output it as the final result.
Otherwise, we use π̂′′ as the input trajectory in the next
iteration, where we repeat the above procedure, starting with
splitting it into sub-trajectories. The proposed algorithm in this
stage is summarized in Algorithm 3. The algorithm stops when
the new trajectory has no improvement in the completion time
compared to the previous trajectory.

An example of refining trajectories in stage 3 is illustrated

Fig. 5: The flowchart summarizes the proposed TMTP algo-
rithm.

in Fig. 4. Suppose the feasible trajectory π̂ after stage 2 is
{0, 1, 2, 8, 3, 4, 5, 6, 9, 7, 0} as shown by the red path in Fig.
3. We first separate the trajectory π̂ by battery stations into
{0, 1, 2, 8}, {8, 3, 4, 5, 6, 9}, and {9, 7, 0}. Then, we apply the
algorithm in stage 1 for each sub-trajectory. In this exam-
ple, suppose sub-trajectories {0, 1, 2, 8} and {9, 7, 0} are un-
changed, but {8, 3, 4, 5, 6, 9} is changed to {8, 5, 4, 3, 6, 9}. By
concatenating the three sub-trajectories, we get the new trajec-
tory π̂′ = {0, 1, 2, 8, 5, 4, 3, 6, 9, 7, 0} as shown by the blue path
in Fig. 4, which is better than the original trajectory π̂. Next,
we remove the battery stations from π̂′ and get a new trajectory
without the battery stations, which is {0, 1, 2, 5, 4, 3, 6, 7, 0}.
By applying the stage 2 algorithm to insert the battery stations,
we get a new trajectory π̂′′ = {0, 1, 2, 8, 5, 4, 3, 6, 7, 10, 0} as
shown by the red path in Fig. 4. In the new trajectory, the UAV
flies to battery station 10 rather than battery station 9 at the end
of the second sub-trajectory since the sub-trajectory has been
shortened after refinement, and the UAV’s remaining battery
is sufficient to reach station 10 for a battery replacement.
Iteratively, we can segment the new sub-trajectory of π̂′′ and
repeat the previous steps for refinement until the trajectory
cannot be improved anymore.

The flowchart in Fig. 5 summarizes the steps of the proposed
TMTP framework, which are organized into three stages. Each
framework stage corresponds to a particular algorithm, which
has been presented in detail in previous sections. In particular,
Algorithm 3 in stage 3 refines the trajectory by splitting it into
subtrajectories and iteratively solving them using Algorithm 1
and Algorithm 2. Note that Algorithm 3 is terminated if the
new trajectory is not improved from the previous trajectory,
and because the objective is limited, the convergence of the
algorithm is guaranteed.
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V. SIMULATION RESULTS

This section presents simulation results to evaluate the per-
formance of the proposed TMTP algorithm. Unless mentioned
otherwise, 100 IoT devices and edge servers are uniformly
deployed in an area of 8000 m × 8000 m. The ratio of
IoT devices to edge servers is fixed at 9:1, and 3 battery
stations are evenly distributed throughout the region. The
maximum battery capacity Q is set to 2.7 kJ. Following the
energy consumption model in [36], [42], we set the power
consumption rates of flying and hovering modes to pf = 178
J/s and ph = 169 J/s, respectively. The UAV flying speed is
10 m/s [36], and the UAV flying height is set at H = 100
m. The battery replacement process at the station typically
takes multiple steps, such as landing, swapping batteries, and
taking off. Here, we assume a constant battery replacement
time to C = 240 seconds. For communications, we set
Pt = 0.1 W, B = 1 MHz, α = 2, β = −60 dB, and
N0 = −174 dBm/Hz [43]. The data amounts of the IoT
devices are randomly selected in a range of [1, 5] Mbits [44].
In our TMTP scheme, we employ the Gurobi [40] solver to
solve the MILP-formulated TSP problem in the first stage. The
results average 200 placement realizations of IoT devices and
edge servers. The simulation is implemented in Python and
runs on a computer with an Intel Core i7-10700F @2.9 GHz
processor and 32 GB of memory.

Notice that various existing algorithms have been designed
to optimize UAV trajectory planning for IoT data collection,
as surveyed in Section II. However, most of them do not
jointly solve the precedence and energy constraints with bat-
tery replacement. Among them, some solutions are based on
reinforcement learning algorithms, e.g., [9], [17], which often
incur a significant computational cost during training and may
therefore be impractical for applications with limited training
data and resources. Such algorithms typically perform well
only for a specific configuration of network parameters, and
any change in these parameters may necessitate retraining.
Here, we follow more practical and adaptable algorithms in
[7], [30] and implement four baselines, namely, Greedy, ACS-
SA, Greedy-2opt, and ACS-SA-2opt as follows:
Greedy: From the depot, the UAV chooses the closest nodes
with precedence constraints to visit IoT devices and edge
servers. We insert the nearest battery station on the trajectory
with the precedence constraint before the battery runs out.
ACS-SA [7]: ACS-SA is an algorithm proposed in [7] that
combines the Ant Colony System (ACS) and Simulated An-
nealing (SA) to solve the TSP problem with the precedence
constraint. We use this algorithm to generate the UAV trajec-
tory with the precedence constraints. Then, the above greedy
method is employed to insert the nearest battery stations to
satisfy the energy constraints.
Greedy-2opt [30]: We first use the greedy strategy to generate
a trajectory with precedence constraints and then use the
proposed 2-opt algorithm [30] to insert battery stations into
the trajectory. Note that the 2-opt algorithm does not consider
the precedence constraints.
ACS-SA-2opt: We combine ACS-SA and 2-opt methods to
solve our problem. The ACS-SA algorithm generates a visiting
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Fig. 7: Completion time versus battery replacement time C.

order that satisfies the precedence constraints, and the 2-
opt method is used to insert battery stations under energy
constraints.

In Fig. 6, we compare the performance in terms of comple-
tion time with the number of total visit nodes N . As expected,
the completion time increases as the number of nodes increases
in all methods. The Greedy method performs the worst since
visiting the nearest node cannot optimally minimize the long-
term cost. The results indicate that the ACS-SA algorithm can
find a better UAV trajectory with a precedence constraint than
the greedy strategy. On the other hand, the 2-opt algorithm [30]
is more efficient than the greedy strategy of inserting battery
stations into the UAV trajectory. In general, our proposed
TMTP algorithm outperforms all baselines since it considers
long-term cost while selecting the next visit, the precedence
constraint, and the insertion of the battery.

In Fig. 7, we examine the completion time with different
battery replacement time settings. Our TMTP algorithm per-
forms better than all other baselines in this test. Also, as the
battery replacement time increases, we can observe that the
completion time increases in all schemes since the UAV spends
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Fig. 8: Comparison under different settings of the number of
battery stations L.

longer durations replacing batteries at battery stations. Our
proposed algorithm, with the battery station insertion strategy,
can adjust the timing of battery replacements according to the
battery replacement time. It can thus reduce the frequency of
visiting battery stations.

In Fig. 8a, we examine the completion time with respect
to the number of battery stations. The result shows that
the completion time decreases as more battery stations are
available in all schemes, since the UAV does not need to move
long distances to replace the battery. The decrease is significant
when the number of battery stations is still small because the
UAV could save a lot of distance if one more battery station
is added to the network. However, it gradually saturates when
battery stations are deployed so densely that the UAV has
multiple choices to replace the battery at similar costs, i.e.,
from L = 4 to L = 5. Our TMTP algorithm also dominates
all the other methods in this test. It is worth noting that setting
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Fig. 9: Completion time versus the number of IoT devices/the
number of edge servers ratio.
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Fig. 10: Completion time versus battery capacity.

up more battery stations is costly in practice. Our algorithm
demonstrates the advantage of saving costs by reducing the
number of battery stations needed. The average number of
battery replacements corresponding to this test is shown in
Fig. 8b. As more battery stations are available in the network,
the UAV does not need to spend much energy moving to the
stations, thus increasing its endurance and reducing the number
of battery replacements required for all schemes.

In Fig. 9, we compare the completion time performance
while varying the ratio between the number of IoT devices and
the number of edge servers. As the ratio increases, the number
of edge servers decreases, which implies fewer precedence
constraints in the problem. This results in a reduction in
the completion time in all methods. Our proposed TMTP
algorithm maintains advantages over other methods, thus out-
performing all baselines in this test.

In Fig. 10, we compare the completion time in different
UAV battery capacity settings. When the battery capacity is
higher, the UAV visits the battery stations less frequently,
leading to a decrease in the completion time for all schemes.
Our TMTP algorithm with a dynamic programming-based
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Fig. 12: A realization of UAV trajectory generated by the
proposed TMTP algorithm with 90 IoT devices, 10 edge
servers, and 3 battery stations. Note that different groups, each
including an edge server and its associated IoTs, are marked
by different colors.

battery station replacement strategy continues to demonstrate
significant superiority over other methods.

In Fig. 11, we compare the execution time of our method
with the baselines for the test shown in Fig. 6. The Greedy
scheme with the nearest-node selection strategy is the fastest,
but achieves the poorest performance among all methods.
The ACS-SA and ACS-SA-2opt algorithms are based on the
ant colony algorithms that take a long time to converge. In
particular, our proposed solution employs a state-of-the-art
solver in the first stage and low-complexity algorithms in

the second and third stages. Therefore, its running time is
significantly faster than the two above algorithms.

In Fig. 12, we show a realization of the trajectory obtained
by our proposed scheme in a test with 90 IoT devices, 10
edge servers, and 3 battery stations. The IoT devices and
edge servers are numbered by their visiting order on the
UAV trajectory. For readability, the order excludes the battery
stations. The precedence constraints are satisfied, as we can
see that the UAV only visits an edge server after collecting
data from all IoT devices associated with that edge server.
We can also see that the UAV tends to collect data from IoT
devices in all groups early and offload the data collected to
edge servers later in the mission period. This strategy may
save on traveling costs compared to individually serving IoT
device groups. It is also observed that some battery stations
can be visited more frequently if they are placed near more
nodes. In contrast, some battery stations may have fewer visits
if not many nodes surround them.

VI. CONCLUSION

This work focused on studying a single UAV collecting data
from IoT devices on the ground and offloading the collected
data to their respective edge servers. We formulated the prob-
lem as a multiple many-to-one pickup and delivery problem
with precedence and energy constraints. We then proposed a
three-stage algorithm to solve the problem efficiently. In the
first stage, we generated the initial visiting order of devices
by solving the TSP of IoT devices and inserting edge servers.
In the second stage, we designed a dynamic programming-
based method to insert battery stations and obtain a feasible
trajectory solution. In the last stage, we refined the trajectory
by optimizing sub-trajectories and reinserting battery stations
into the trajectory iteratively. Numerous simulation results
verified that the proposed method outperforms the existing
algorithms in total completion time of the UAV and the
execution time of the algorithms.
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