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Abstract—In this paper, we propose a trajectory optimization
design method for an Unmanned Aerial Vehicle (UAV)-assisted
edge computing system for mobile IoT clients attached to animals.
In this system, the UAV approaches the client node to perform
data collection and processing. However, due to the clients’
mobility, it is challenging for the UAV to maintain accurate
knowledge of their location. To address this, the proposed method
aims to maximize communication opportunities while minimizing
UAV movement under limited observability. In the proposed
method, hierarchical clustering based on the spatial proximity of
client nodes is applied to form clusters where some client nodes
are selected as representatives. The UAV dynamically plans its
trajectory using only the positions of these representatives at each
time step. Through numerical experiments, we demonstrate that
the proposed method enables efficient data collection in dynamic
environments where animals move according to the Boids model,
even in the absence of complete location information for all client
nodes.

I. INTRODUCTION

In recent years, advancements of Internet of Things (IoT)
technologies have enabled a wide range of practical services,
where collected data are typically processed by cloud data
centers [1]. However, as the volume of data generated by IoT
applications continues to grow rapidly, cloud-based systems
have faced challenges, including communication congestion
and latency, which degrade real-time performance.

To address this issue, edge computing has attracted consid-
erable attention as a complementary approach to cloud com-
puting [2]. In particular, UAV-assisted edge computing systems
have been proposed as an effective solution for environments
with limited communication infrastructure [3]-[5]. In such
systems, UAVs equipped with onboard processors collect and
process data from clients such as IoT devices that are located
within their communication range. In the UAVs-assisted edge
computing systems, UAVs are capable of freely flying within
the designated area to perform data collection. However, due to
their limited communication range, the UAVs need to approach
client nodes closely enough to ensure reliable communication.
Therefore, trajectory optimization of UAVs is essential for
efficient data collection.

Additionally, UAV-assisted systems have recently been con-
sidered for applications such as livestock monitoring in large
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natural environments, including pastures and grazing lands [6].
In these scenarios, UAVs collect data from animals equipped
with IoT devices to support health monitoring and to detect
incidents such as accidents and straying. However, due to
the wide-ranging and dynamic movement of animals [7],
static trajectory planning is insufficient. To ensure reliable
communications, a trajectory design method that can adapt to
dynamic changes over time is required.

In this paper, we propose a UAV trajectory optimization
method that enables efficient communication even under the
constrained condition where the UAV does not have accurate
knowledge of all client locations but knows the location of
some representative clients. Introducing such constraints is ex-
pected to prolong the lifetime of battery-powered IoT devices
through power-saving operation. The proposed method aims
to maximize communication opportunities while minimizing
UAV movement under limited observability. To do so, in the
proposed method, hierarchical clustering based on the spatial
proximity of client nodes is applied to form clusters where
some client nodes are selected as representatives. We consider
a time step to represent the movement of animal herds. At
each time step, only the updated positions of the representative
clients are obtained, and the UAV dynamically optimizes its
visiting order of the clients accordingly. At each visit, the UAV
communicates not only with representative clients but also
with other nearby client nodes within its communication range.
This approach enables flexible and efficient data collection in
scenarios where the positions of all client nodes cannot be
fully observed.

II. SYSTEM MODEL

Fig. 1 illustrates the system model assumed in this paper. A
set AV of client nodes (i.e., animals equipped with IoT devices)
that moves within a closed two-dimensional area. The positions
of clients are updated periodically, and the update interval
is defined as a time step At. The movement of animals is
modeled using the Boids model [8], in which the animals form
some herds that are dispersed geographically. In each animal
herd, n, client nodes are randomly selected as representative
clients.
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Fig. 1: System model.

A UAV flies within the area, with its communication range
defined by a radius R. The UAV travels at a constant speed v to
visit client nodes and completes its mission by returning to its
initial departure point. The UAV determines its trajectory based
on the latest positions of the representative client nodes and
visits them sequentially to carry out data collection and pro-
cessing. When the UAV reaches the position of a representative
client node, it hovers for a fixed duration ¢, to perform data
collection and processing. At the same time, data processing is
performed not only for the representative client node but also
for all client nodes within the communication range.

The objective of this paper is to dynamically determine the
UAV’s visiting order and trajectory based on limited infor-
mation from representative client nodes, in order to minimize
travel distance while maximizing data processing opportuni-
ties.

III. PROPOSED METHOD
A. Overview

The proposed method first performs hierarchical clustering
based on the positions of the client nodes in order to identify
animal herds. Each animal herd is treated as a cluster. In
each cluster, n, representative client nodes are selected to
effectively determine the communication targets. Subsequently,
at each time step, the UAV dynamically determines the visiting
order of representative client nodes by solving the Traveling
Salesman Problem (TSP) based on their latest positions. The
UAV then visits the representative client nodes sequentially
and performs data processing. This series of processes is
repeated until the UAV completes the data processing of
all representative client nodes, enabling flexible and efficient
trajectory planning even under limited positional information.

B. Hierarchical clustering

The proposed method sequentially designs the UAV’s trajec-
tory to efficiently collect data from mobile client nodes, under
the constraint that the position of only representative client
nodes in each animal herd can be obtained. To do so, the
proposed method first performs hierarchical clustering based
on the positions of the client nodes in order to identify animal
herds that are dispersed geographically. In this paper, we use
the Complete-Linkage algorithm for hierarchical clustering as
follows.

1) Each client node is initialized as an individual cluster.
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Fig. 2: Procedure of the proposed method.

2) For each pair of clusters (A, B), it computes the dis-
tance:

D(A,B) = max d(a,b), (1

acA,beB
where d(a, b) is the distance between clients a and b.

3) It finds the pair of clusters with the smallest value of
D(A, B).

4) If D(A,B) > 7, the algorithm terminates; otherwise,
it merges them into a single new cluster and then goes
back to 2), where 7 is a parameter that indicates the
maximum allowable size of clusters.

By using this algorithm, clusters are formed so that the
maximum distance between any pair of nodes within a cluster
does not exceed 7. Then, n,. client nodes are randomly selected
in each cluster to construct the representative client node
set. In the subsequent time steps, the positions of only these
representative client nodes are used for trajectory planning.

C. Trajectory planning

Fig. 2 illustrates an example of the trajectory planning in
the proposed method. Assuming that client node positions
are updated every time step At, the UAV acquires the latest
locations of representative client nodes at each period and
updates its trajectory accordingly. In each period, the UAV
determines the optimal visiting order by solving the TSP,
and visits them sequentially within the time available for that
period. By recalculating the UAV’s trajectory based on the
latest available information and solving the TSP at every time
step, the UAV can adaptively follow the moving targets while
enhancing data processing efficiency and minimizing travel
distance. The detailed procedure of the trajectory planning in
the proposed method is as follows.

1) The current positions of unvisited representative client

nodes are obtained.

2) The TSP using these positions is solved to determine the

optimal visiting order.

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1747



TABLE I: System parameters for the Boids model.

TABLE II: System parameters for the UAV.

Parameter

[ Symbol | Value

Parameter

[ Symbol | Value

Simulation area - 2000 x 2000 [m] UAV communication range R 100 [m]
Number of client nodes [N 100 UAV flight speed v 10 [m/s]
Speed of client nodes v; 25 x (0.8 to 1.2) [m/s] Hovering duration te 3 [s]
Number of simulation steps S 180 UAV start/end location - 0, 0)
Time per step At 30 [s] # of representative client nodes per cluster Ny 1t009, or All
Neighborhood radius Tn 200 [m] Clustering distance threshold T 300 [m]
Alignment weight Wq 6.0
Cohesion weight We 1.5
Separation weight W 1.0 200013 S
Global randomness factor n 0.8 . *
Individual randomness factor i 0.5 to 1.0 1500 .t : Representative client
¢ o @ : Normal client
3) As long as the total travel and processing time remains £ 1000 - * Starting point of UAV
iy . . >
within the time step Af, the following steps a)-c) are ¢ . . Communication range
erformed. . .
p . . . . 500 L4 .
a) The UAV visits the representative client node ac- v °
cording to the visiting order. : &
b) The UAV hovers for a fixed duration ¢. to perform % 500 1000 1500 2000
data processing for all clients within its communi- X (m)

cation range R.

c) If the visit to all representative client nodes is
completed, the UAV returns to its origin, and the
procedure terminates; otherwise, it goes back to a).

4) If the remaining time is insufficient to visit the next client
node, the UAV suspends movement. Then, it proceeds to
the next time step and goes back to 1).

IV. PERFORMANCE EVALUATION
A. Client node mobility model

To evaluate the proposed method, we simulate the movement
of client nodes using the Boids model [8], which reproduces
natural flocking behavior through simple interaction rules
among agents. In the simulation experiments, |A/| = 100 client
nodes move within a 2000 x 2000 [m] area for S = 180 time
steps, with each step lasting At = 30 [s]. Client nodes are
initially placed randomly and exhibit flocking behavior such
as alignment, cohesion, and separation. Only data from time
steps S = 60 to 180 are used for evaluation, during which
meaningful group dynamics are established. Specifically, data
from early time steps (i.e., S < 60), during which the animals
have not yet formed herds due to the small number of steps,
are excluded from the evaluation. The system parameters
for the Boids model used in the simulation experiments are
summarized in Table L.

The communication range R of the UAV is set to 100 [m].
The flight speed v of the UAV is set to 10 [m/s]. The hovering
duration ¢. of the UAV at each representative client node is
set to 3 [s]. The starting and ending point of the UAV is set
to (0,0). The system parameters for the UAV are summarized
in Table II.

B. Results

Fig. 3 shows an example of client node distributions at
S = 60 before UAV starts data processing, where the number

Fig. 3: Client node distribution.

n, of representative client nodes in each cluster is set to 1.
As we can see from this figure, animals form herds, and
the proposed method constructs clusters accordingly. Fig. 4
illustrates the UAV trajectory after the UAV completes data
processing for all representative nodes. These figures illustrate
how the UAV trajectory and client node distribution change
before and after data processing. The UAV sequentially visited
representative client nodes and successfully communicated
with multiple client nodes located within its communication
range at each hovering point, demonstrating efficient data
processing behavior.

Subsequently, we quantitatively evaluate the performance
of the proposed method as the number of representative
client nodes in each animal herd is varied. We conduct 10
independent trials to show the average performance.

Fig. 5 shows the coverage rate of client nodes as a function
of the number n,. of representative client nodes in each animal
herd. The coverage rate of client nodes is defined as the
proportion of client nodes that were processed within the
UAV’s communication range concurrently with the representa-
tive client nodes. We also plot the result (labeled with All) in
the case where all client nodes are selected as representative
client nodes. From this figure, we observe that increasing
the number n, of representative client nodes enhances the
coverage rate. We also observe that more than 90% of the
client nodes are covered when n, > 4.

Fig. 6 shows the total flight time as a function of the number
n, of representative client nodes in each animal herd. As
shown in this figure, the total flight time increases with the
number n, of representative client nodes. This is because an
increase in n, requires the UAV to visit more nodes.

These findings demonstrate that the number of representative

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1748



2000,

: Visited representative
client

1500

@ : Unvisited normal client

: Covered normal client

1000 /[

Y (m)

: Ending point of UAV

: Communication range

500
—— 1 UAV trajectory

1000
X (m)

1500 2000

Fig. 4: UAV trajectory example.

100 i
All
_. 80
X
© 60
o
Y 40
(@]
Q
20
00— 4 6 8 10

Number of Representative Clients

Fig. 5: Coverage rate.

client nodes is a key parameter that controls the trade-off
between the coverage rate and the UAV’s movement cost.
Therefore, selecting an appropriate number of representative
client nodes is essential for system designers to balance data
processing efficiency and UAV resource constraints under
varying environmental conditions.

V. CONCLUSION

In this paper, we proposed a trajectory optimization design
method for UAV-assisted edge computing systems, in which
representative client nodes are selected and their updated
positions are used for dynamic UAV trajectory planning.
Simulation results based on the Boids model demonstrated
that while increasing the number of representative client nodes
enhances the coverage rate, it also increases the UAV’s flight
time, revealing a trade-off between data processing efficiency
and UAV movement cost. The proposed method effectively
balances this trade-off by selecting an appropriate number of
representative client nodes in dynamic environments. Future
work includes extending the framework to multiple UAVs and
incorporating additional system constraints.
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