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ABSTRACT Integrated sensing and communication enhances the spectral efficiency by using shared
resources, eliminating the need for separate bandwidth allocations. Unmanned aerial vehicle (UAVs) play a
key role in this, offering mobility, flexibility, and extended coverage for serving multiple users, especially
in scenarios like disaster response and environmental monitoring. This paper explores multiple UAVs
with integrated sensing and communication capabilities, using the Age of Information (Aol) metric to
optimize resource allocation for timely data transmission. We propose two algorithms, Variable Particle
Swarm Optimization (VPSO) and Twin Variable Neighborhood Particle Swarm Optimization (TVPSO),
to jointly optimize power, bandwidth, and UAV trajectories to minimize Aol. Numerical results show the
effects of the sensing and communication power ratio, the number of UAVs and the number of users on
Aol and energy consumption. Furthermore, TVPSO is shown to outperform other PSO variants and the
Deep Q Networks (DQN)-based approach, offering faster convergence and superior performance.

INDEX TERMS Age of information, integrated sensing and communication, particle swarm optimization

(PSO), resource allocation, and unmanned aerial vehicles.

. INTRODUCTION

HE INTERNET of Things (IoT) has driven the devel-

opment of architectures for data collection, processing,
and dissemination, especially in human-centric applications
like healthcare and environmental surveillance [1], [2], [3].
The IoT devices monitor physical parameters, such as
temperature, humidity, and light intensity, offering periodic
system updates [4]. It is predicted that these devices will
reach 500 billion by 2025, leading to the massive data
generation [5].

Unmanned aerial vehicles (UAVs) are essential for data
collection due to their ability to access remote and hazardous
areas, provide real-time data, and offer high-resolution
imaging and mapping [6], [7]. They ensure precise, cost-
effective, and efficient data collection, capable of covering

large areas quickly. UAVs can also carry various sensors,
enabling versatile data gathering for applications like agricul-
ture, infrastructure inspection, and environmental monitoring.
Additionally, they support frequent, repetitive data collection,
essential for time-series analysis and change detection,
making them invaluable tools in diverse fields, such as urban
planning, disaster response, and smart cities [8], [9].
Real-time location monitoring of ground users using UAVs
improves communication performance by enabling adaptive
network adjustments, ensuring reliable connectivity, and
optimizing data transmission routes based on the precise
positions of users in dynamic environments. This data
can combine detection and tracking methods by using
adjacent frames with shared features to reduce computa-
tion time [10]. Traditional real-time location monitoring
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by Global Navigation Satellite System (GNSS) provides
precise positioning data using satellites [11], but it can face
challenges such as signal degradation in urban areas, high
latency in dynamic environments, and limited coverage in
obstructed or indoor locations, making it less reliable for
certain real-time applications. Another approach uses vision-
based localization with UAV location and camera angle
measurements to estimate target positions in images [12].
However, vision-based methods can suffer from environmen-
tal variations and increase power consumption.

Integrated Sensing and Communication (ISAC) has
recently gained attention as a key technology for sixth-
generation (6G) wireless networks, allowing for the
combined use of wireless infrastructure and spectrum
resources to deliver both sensing and communication capa-
bilities [13]. It minimizes overheads by integrating sensing
and communication functions into unified hardware and
signal waveforms [14], [15]. Many studies on ISAC have
primarily focused on evaluating performances by maximizing
throughput [16], [17], [18]. In [19], UAV-enabled ISAC
systems provided various solutions (coordinated interference
management and cooperative ISAC) for optimizing the
sensing and communication performance. However, these
studies overlooked Age of Information (Aol), which is more
crucial than traditional rate metrics as it directly reflects data
timeliness and relevance, vital for accurate real-time sensing
and communication.

Freshness of data, measured by Aol, is crucial in ISAC
because it ensures timely and relevant information used
in decision-making, reducing the risk of outdated data
leading to inefficiencies [20]. Maintaining low Aol allows for
more accurate resource allocation and dynamic adjustment.
Besides the utilization of information freshness metrics in
terrestrial IoT networks [21], many studies have focused on
addressing the issue of information freshness in UAV-enabled
communication networks. Particularly, in [22], the authors
formulated a joint sensing time, transmission time, UAV
trajectory, and task scheduling optimization problem. In [23],
the authors formulated a joint energy harvesting and data
collection time to minimize Aol. In [24], two optimization
problems of age-optimal data collection were formulated
to minimize the ground sensor nodes’ maximal Aol and
average Aol. In [25], the authors jointly optimized the UAV
trajectory, localization accuracy, bandwidth and beam-width,
to guarantee the information freshness. In [26], the authors
jointly optimized the visiting sequence for multiple ground
targets, number of sensing tasks, trajectory of UAV, service
time and transmit power to improve the freshness of the
received information at the ground controller. However, these
works considered only one UAV in their system models
which may not efficiently cover a wide area or handle a
large number of users simultaneously, resulting in outdated
information for users located farther away from the UAV or
during periods of high demand.

Using multiple UAVs reduces Aol by enabling faster and
more efficient data updates through distributed coverage
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and parallel communication with ground users. In [27],
multiple UAVs are used to collect and process data while
minimizing the Aol where authors used machine learning
(ML) techniques to reformulate the trajectory and scheduling
policies problem as a Markov decision process. However,
ML techniques, especially deep learning models, require
extensive training data and time, whereas particle swarm
optimization (PSO) can often provide solutions without such
a training phase. Moreover, ML models may struggle to
generalize well to new or unseen scenarios, such as sudden
change in the number of ground users. Moreover, in [28],
a graph theory approach was used to minimize the Aol in
multi-UAV assisted IoT network. However, this work relies
on simplifications and approximations, which do not fully
capture the intricacies of real-world UAV operations.

Heuristic ~ algorithms are beneficial for solving
optimization problems and minimizing Aol as they
efficiently explore large solution spaces and quickly converge
to near-optimal solutions, even in complex and non-linear
environments, such as urban areas, disaster zones and
agriculture fields. These algorithms are often employed
in path planning of multiple UAVs to find near-optimal
solutions efficiently, for example, genetic algorithms (GA)
in [29], PSO in [30], and ant colony optimization (ACO)
in [31].

PSO is a population-based optimization technique inspired
by the social behavior of birds flocking or fish schooling,
where particles move through the search space to find
optimal solutions by adjusting their positions based on
their own and their neighbors’ experiences [32]. Known for
its efficiency in solving complex problems [33], PSO is
particularly suitable for multi-UAV and multi-user scenarios.
Unlike reinforcement learning methods like Q-learning or
DQN, which require extensive training, PSO delivers near-
optimal solutions without the need for a training phase,
making it ideal for real-time decision-making in UAV path
planning. Several PSO variants have been developed to tackle
specific challenges: Global best path PSO (GBPSO) for
fixed-wing UAVs in adversarial environments [34], spherical-
vector-based PSO for improved path planning safety [35],
two-swarm learning PSO (TSLPSO) [36], and dynamic
group-based collaborative optimization (DGBCO), which
adjusts sub-population sizes [37].

Motivated by the above discussion, the main contributions
of this work are listed as follows:

e We model integrated sensing and communication
in a multi-UAV network serving multiple ground
users, where UAVs regularly update sensing data.
Unlike [16], [17], [18], we use Aol to measure the time
from task initiation to data transmission completion.

o In contrast to studies in [21], [22], [23], [24], [25],
[26] that focus on single-UAV systems, we extend
the problem to a multi-UAV scenario, formulating an
optimization problem for resource allocation and UAV
trajectories to minimize the overall Aol. To manage the
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FIGURE 1. System model.

complexity of optimizing multiple variables, we decou-
ple the problem into two sub-problems, simplifying the
process while improving resource efficiency and system
performance.

o Unlike the PSO-based algorithms in [34], [35], [36],
[37], we propose two PSO-based algorithms, Variable
neighborhood PSO (VPSO) and Twin variable PSO
(TVPSO), for optimizing the trajectories of multiple
UAVs.

« We demonstrate that the TVPSO outperform other PSO
variants as well as the non-PSO-based DQN approach
in terms of the sum of Aol and energy consumption.

The remainder of this article is organized as follows.

We present the system model in Section II. The problem
formulation of minimizing the Aol while optimizing the
resource allocation and flight trajectories of multiple UAVs
is given in Section III. The algorithm design is detailed in
Section IV. Numerical results are presented in Section V.
Finally, we conclude this paper in Section VI.

Il. SYSTEM MODEL
A. NETWORK DESCRIPTION
Fig. 1 illustrates a multi-UAV, multi-user system with
integrated sensing and communication capabilities. The
system consists of M dual-function UAVs, denoted as A =
{ai, as, ..., ap}, a central data center (DC), and N users in
aset U= {uy,up,...,uy}. Time slots (t=1,2,...,7T) are
used for UAV sensing and data transmission, with each UAV
activity occupying an integer number of time slots. UAVs
utilize on-board batteries for sensing and communication.
At time slot ¢, the coordinates of UAV q, are
Xm (@), ym(?), zm(2)). The DC coordinates are (Xo, Yo, Zo),
and user u,, position is (X, , Yu,, Zu,)- Each user has a sensing
area with radius r,, denoted as

Pnz{pz

(x,y, z)I\/(x ) 0 =v) F (2—za) < rn}- (1)
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Data collection points (CPs) C, for each user are located
at (xc,,yc,.z2c,), and (xc,,yc,.2c,) € Pn. The set of all
data CP coordinates is C, = {C1, Ca, ..., Cy}.

During sensing, UAVs follow a predefined path, visiting
each data CP sequentially. After data collection, they
fly to a hover point (HP) near the DC, awaiting data
transmission (offloading sensing data) during idle periods.
UAVs must satisfy communication range requirements when
communicating with the DC. The HP coordinates of UAV
ay, during communication with DC is (xp,,, yp,,. 2p,,)- Thus,
D,, € Py, where

P0={P

= (%, Z)I\/(X—Xo)z +O-Y0) 4+ @-2Z)° < ro},
)

and ry is the radius of the DC’s communication range. The
set of HP coordinates for all UAVs is D.

To manage system complexity and prioritize key compo-
nents like UAV trajectory, power allocation, and resource
management, we chose not to explicitly model the antenna
patterns at the UAVs, users, and DC. These aspects will be
considered in future research.

B. SENSING AND COMMUNICATIONS PROTOCOL
In the proposed system, UAV operations are divided into
two phases: sensing and communication. During the sensing
phase, UAVs collect data from predefined CPs within desig-
nated user areas, focusing on interference from other UAVs
to simplify the problem by addressing the most significant
interference sources in a dynamic UAV network [38].
Although clutter interference is important in real-world
scenarios for sensing, its exclusion allows for a more focused
analysis on optimizing UAV trajectories, power allocation,
and resource management. They can also be considered
as the part of the noise in the received signal. After data
collection, UAVs transition to the communication phase,
moving to HPs near the central DC to transmit the data.
Both phases are restricted by energy and transmission rate
to ensure optimal performance and resource management.
As depicted in Fig. 2, the finite spectrum resources
denoted as W is divided into K non-overlapping sub-channels
(K > M), each occupying B = % bandwidth. The first M
sub-channels of K are allocated to UAVs as dedicated sensing
channels. Each UAV, e.g., a; (where i = 1,2,..., M), can
focus on one user at a time. Thus, B, indicates if the UAV
a; is sensing user us, (Where ug; € U, s; € N) at data CP g,
with B, = 1 for sensing and Bj;, = 0 otherwise.
Additionally, to avoid collision between different UAVs
communicating with the DC simultaneously, the remaining
K—M sub-channels are allocated for communication between
UAVs and the DC. These sub-channels, denoted by the set
C=12,...,K—M (K > M), are used for this purpose. A
binary variable p,,.; (vi € M, c; € C) is defined to represent

VOLUME 5, 2024



‘lEEEs IEEE Open Journal of the
Com: )0C"  Communications Society

Flight period
AL
y s Y

y /
4\ ees [ Slotj [ see [SlotT ]/

‘ w
Sensing .. . Communication
i Sensing X . Communication
~" Flight Hover  sub-channel 1 Flight Hover Return ™™ Sub-channel 1
a —] b
1 S
Bis,=1,5,EN Poc, =LV EM,c; EC
.
. Sensing Communication
Sub-channel s Sub-channel ¢
a > i
el
Bis,=1Ls;EN Doy LV E M EC
0 .
Sensing Communication
Sub-channel 1 Sub-channel K0
" S
M = S

Pusy =Lsu €N Pog-mckm = LVk-m E M,k EC

FIGURE 2. Multi-UAV Sensing and Communication.

the allocation of communication channels. Specifically, if
the ¢; communication channel is assigned to the UAV aq,,,
then p,,.; = 1; otherwise, py,,; = 0.

In both the sensing and communication phases, Aol
is the primary metric guiding UAV operations, balancing
energy and transmission rate constraints to maintain data
timeliness. During sensing, UAVs optimize their flight paths
and CPs to minimize Aol, ensuring quick updates on
gathered information. In the communication phase, UAVs
prioritize timely data offloading near the central DC, where
the transmission rate is managed to conserve energy while
keeping data current.

C. UAV MOBILITY MODEL

Assuming the velocity of the UAV a, in time slot ¢
is (Vi (®), Viny (1), vinz (1)), where, vy (8), viny(#), and vy,;(?)
represent the components of the velocity in the x-direction, y-
direction, and z-direction, respectively. Velocity components
and coordinates are related as (Vp(2), Viny(0), vinz (1)) =
X (@) = X (t = 1), ym (1) = ym (t = 1), Zm (1) — 2m(t — 1)). This
relationship is based on the principle of the discrete-time
motion of UAVs.

The speed of UAV ay is vm = V2, + V2, +v2.
Considering safety, energy, and structural constraints, UAV
speed is constrained as
Vm € A. 3)

Vmin = Vm = Vmax

Xm(D) < Xmaxs Ymin < Ym(®) < Ymax, and Zpin < 2, (1) <
Zmax- For the UAV’s journey from HP D,, through data
CPs C, and back to HP, ensuring operation within the area,
constraints are formulated as

Therefore, UAV coordinates have constraints: Xmnin <

Xmin < xc, < Xmax,
Ymin < yc, < Ymax, VneU, 4)
Zmin < zc, = Zmax,
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and

Xmin < XD, = Xmax,
Ymin < yp,, = Ymax, Ym € A, (5)
Zmin < D, = Zmax,

Maintaining a secure separation between UAVs to avoid
collision, constraints for a,, and a,, (m # m’) are governed
by their spatial relationship as

G = 502 + O — ) + e — 2)?

where Dpip is the minimum distance between any two UAVs.

D. ENERGY MODEL

For each UAV, a,,, the energy consumption includes hovering
energy at the data CP during user sensing phase (Eﬁ’ns),
propulsion energy during UAV flight (E];,l), and hovering
energy during communication with the DC (E!).

Given the different data transmission rate requirements for
sensing and communication, let 0 < o, < 1land 0 < af, < 1
represent the fractions of the total power allocated to sensing
and communication, respectively, for UAV a,,. Assume the
total power of the UAV during hovering is P,. Then, the
power allocated to sensing while hovering, p? , is o Py, and
the power allocated to communication while hovering, p5,,
is o, P

The power used to support the UAV’s rotor movement in
both cases is given by p}: = (1 — «},)P,, for sensing and
Pt = (1 —af,)Py, for communication. They must satisfy the
energy constraints as

{piﬁ > P )
P Z P
where p? denotes the minimum power for hovering UAV
ap. Furthermore, the associated sensing hovering energy is
Efln* = P, x t;,, and the communication hovering energy is
E'® = P, x,, where 15, denotes the UAV’s sensing hovering
time for all users under its responsibility, and #;, denotes the
communication hovering time with the DC. '
The propulsion power during flight is given by me =
/qvfn(t) + v,:%t) x Py, [39], where k1, k2, and P}, are constants
determined by a particular type of the UAV. The flight time
of the UAY, related to its flight path and speed (which will
be calculated later), is initially denoted as t’,c,, Subsequently,
the energy consumption of a, during flight is given as

B, =P, x 1, )

Thus, the total energy consumption of the UAV a,,,
denoted as EY, is given by EY = EM + B, + E!'. Given
that the on-board energy storage of each UAV is limited,
denoted as Enax, the total energy consumption E,,l{ should
adhere to the constraint as

E, < Emax. ©)

m
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E. SENSING MODEL

We use the probabilistic path loss model [40] to char-
acterize the air-to-ground communication between UAV
ap and user u,. The Line-of-Sight (LoS) probability,
£LOS i given by where b and b, are

mn > 1+ble—b2(9rsrm_bl) ’

constants dependent on the environment. The elevation
angle, 65 ., between UAV aq,, and user u, is defined as
180 arctan(*%—" Z”) where, z¢, and z, are the altitudes
of the UAV "at data CP and the user, respectively, and
Amn = \/(an —xn)? + Ove, — yn)2 + (zc, — n)? represents
their distance.

The Non-line-of-sight (NLoS) probability is then N1-0S =
1— §L°s The average channel power gain, €2,,,, is modeled
as pod,2[£L0S [ LoS 4 gNLoS | NLoST2 where py is the channel
power gain at 1 meter, and ULos and UNLos are attenuation
factors.

Considering transmit power and channel gain, the UAV’s
signal-to-interference-to-noise ratio (SINR), W, for data

collection from user u, is defined as

imnPo
Zu,-EUm.t#n Quipy+o?’
where 02 = B3, with 8y as the communication noise figure
and B as the system bandwidth.

The UAV’s sensing data transmission rate, R, is cal-
culated using Shannon capacity formula: Blog,(1 + W,;,).
To ensure data quality, we set a threshold for each UAV’s
transmission rate, R?‘i“. Thus, we enforce the sensing data
transmission constraint as

Ryn > R™™, (10)

We assume a minimum transmission rate (lower bound)
to ensure that the sensing data is transmitted in a timely
manner, adhering to the system’s Aol requirements. This
lower bound is chosen to avoid delays that could compromise
the freshness and relevance of the data.

F. COMMUNICATIONS MODEL

In addition to user sensing, each UAV communicates with the
DC on different frequency bands, prioritizing on the signal-
to-noise ratio (SNR) in the communication link. SINR is used
in the sensing model to account for interference from other
UAVs when collecting data from users. In contrast, SNR is
used in the communication model for UAV-to-DC communi-
cation, where it’s assumed that interference from other UAV's
is negligible or managed effectively. This assumption can be
achieved when UAVs operate on different frequency bands or
interference mitigation techniques are used. Communication
takes place when the UAV reaches a HP near the DC. The
data transfer rate between UAV a,, at HP D,, and the DC
is R0 = Blog,y (1 + ﬂfg;” ), where p is the path loss index,
and d,,,0 is the distance between the UAV and the DC, given
as dmo = \/(xc, — X0)2 + (vc, — Y0)? + (z¢, — Z0)%.

To ensure the quality of communication between each
UAV and the DC, we establish a minimum transmission
rate threshold, Rzni“. Additionally, to keep the transmission
rate within feasible limits, we introduce an upper bound,
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Rmax. Therefore, the data transmission constraint during the
communication phase is defined as

Rf;nin =< RmO =< Rmax~

(1)

In (10) and (11), R‘Snin and RCmin are set based on the
minimum reliable distances d; and d> for sensing and
communication, respectively. On the other hand, Rpyax is
chosen according to the UAV’s maximum communication
range ro, as defined in (2).

lll. PROBLEM FORMULATION
A. AGE OF INFORMATION (AOI)
The timeliness of sensing and communication significantly
influences data validity. To quantify this, we use the concept
of Aol, describing the freshness of data received by a DC,
serving as a metric for system performance in this work.
Considering that the sensing data requires transmission to
the DC, we define the Aol for each task based on its peak
information age. Here, X)'(¢) is the Aol for the sensing task
of UAV a,, for user u, at time . When the sensing data is
completely offloaded to the DC at time ¢, the Aol is given
as X" (") = (" — 1™+, where £ is the instant at which the
sensing data of user u, is sampled and (x)™ = max{x, 0}.
X)! consists of five time components: UAV-to-user
hovering time (t,lnn), UAV-to-remaining-users flight time
(t2,,), UAV-to-remaining-users hovering time (£} ), UAV-
to-DC flight time (r},,), and UAV hovering time near
the DC (t),). Here, (¢2,) and (%) are related to the
path traveled by the UAV a,, represented as R, =
{rm1, rm2, - -+, Tk > Tm(kn+1)}, including all data CPs, ie.,
rmi € Com (Vi € Ky {1,2,...,kn}), and HP, ie,

Tm(kn+1) = (XD,,s YD,» 2D,)- Thus, these flight times are
given as
) W= l”fm</+1) g5
Yo=Y : (12)
u, €Uy, i=1 j=i
Z l‘;‘”n _ Hrm(km+l) — Tmky, Hz (13)
up,eUy, Vm

where [|[7;m(i+1) — Fmjll2 denotes the UAV a,, travel distance
from data CP 7,; to rpgy1), with v, as the UAV’s flight
speed.

Based on the sensing data transmission rate (R,;;) from
UAV a,, to user u,, the total transmission time is 7' = IT:,’

where W, is the length of the packet generated at user u,.

Thus, the hover time (¢},) and (£} ) are

km
D =) T (14)
un€Up, j=1
and
km  km
Do tm=2 2 T (15)
Un€Up i=1 j=i+1
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respectively, where T;” represents the UAV a,, hovering time
paired with r,,;, where j € KCy,,. This corresponds to the hover
time dedicated to the respective user.

Similarly, the downlink transmission time between the
UAV a,, and the DC is T = #. In this regard, the
hovering time near DC is given as

Z trsnn = T(r)n'

up€Up

(16)

The overall information age of the sensing tasks for UAV
any, 18

X' Ry = 3 (thy 4 B+ o+t +15,). - (AD)
u,elUy

Since all N users are sensed by M UAVs, the overall Aol
of the entire system is expressed as

M
Ay =) X"(Ru).

(18)
m=1
Thus, the problem can be formulated as
min AN
ﬂmiaRmstle»a}VnaO‘gyvm
s.t.
(3), @), (5), (), (7), 9), (10), (1) (19)

If a UAV hovers over each data CP and over each
communication HP, meeting the respective distance criteria,
it satisfies the anti-collision constraint (6). Thus, (6) can be
replaced as

2 2 2
(xcn1 — xc,,2> + (yc,,l - yc,,2> + (Zc,,l - z%)

> Dmin  (n1,n2 € U, ny # np) (20)

and

2 2 2
<xDml —xsz) + <me1 - Ysz) + (ZDm1 - Zsz)

> Dmin  (m1,my € A, my # mp) (21)

The constraints in (19) include limits on flight speed
in (3), UAV range in (4) and (5), anti-collision measures
in (6), hovering power in (7), overall energy in (9), sensing
rates in (10), and communication rates in (11). However,
constraints (4), (5), (16) and (17) are only associated with the
optimization variables C, and D. Therefore, the optimization
problem described in (19) is decomposed into two sub-
problems:

1) The hover coordinate optimization sub-problem is
established to generate the coordinates of the data CP
(Cp) and the communication HP coordinates (D).

2) The path optimization sub-problem, aimed at minimiz-
ing the information age, is formulated by optimizing
the parameters «o,,, oy, Vi, and the task sequence of
the UAV Ty, = {m, ma, ..., my,}, where m; € A.
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B. HOVER COORDINATE OPTIMIZATION

The hover coordinate optimization sub-problem involves
determining the C, and D. Constraints for each user’s data
CP are given by (1), (4), and (16), while constraints for the
communication HP are represented by (2), (5), and (17). In
the optimization problem defined by (19), constraints (10)
and (11) pertain to sensing and communication perfor-
mances. These constraints can be relaxed to the minimum
values of the distance between the data CP and the user, and
the distance between the communication HP and the DC,
respectively, as

\/('xcn - 'xun)z + (ycn - )’u,,)z + (ZC,, - Zun)2

>d, neU 22)
and
2 2 2
\/(xDm —Xo)" + (yp,, — Y0)” + (20, — Z0)
>dy, meA (23)

where d; and d are the minimum sensing and com-
munication distances calculated based on Rg“i“ and R‘C“in,
respectively.

The following describes the solutions for C, and D,
respectively

N
Héin Z\/(XC” - x”’l)2 + (ycn - y“n)2 + (ZCn - Zun)2
P op=1

S.t.

(D, @, (16), (17), (24)
and
g 2 2 2
min mz_l \/(XD,,, —Xo)" + (yp,, = Yo)” + (2, — Z)
S.t.
(2, (5), 2D, (22). (25

C. PATH OPTIMIZATION

After the analysis and solution in Section III-B, the set of
hover coordinate C, and D can be obtained. Therefore, with
only the knowledge of the task order of each UAV, we can
obtain the indication factors for UAVs and tasks, B, and
the UAV flight paths R,. Thus, the optimization problem
described in (19) is simplified to the following optimization
sub-problem to minimize Aol as

min Ay,
a5V, Tin

S.t.

M
(3), (1), (9, ) kn=N.

i=1

(26)

where T, represents the task sequence for all UAVs, and
Ty, = {my,...,m,}, with m; € N denoting the order in
which UAV a,, visits users, where m; is the user index and
ky, 1s the number of users assigned to UAV a,,.
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IV. ALGORITHM DESIGN

PSO leverages group cooperation and information sharing
to efficiently find optimal solutions, navigating both local
and global optima. For minimizing information age in multi-
UAYV networks, we use VPSO and TVPSO, which are based
on variable neighborhood search (VNS).

A. VARIABLE NEIGHBORHOOD PSO (VPSO)

PSO, inspired by natural entities like bird flocks [32], uses
information exchange and random movement to find optimal
solutions. In the context of the proposed VPSO, a particle
represents a candidate solution within the UAV path planning
problem. Each particle’s position corresponds to a possible
configuration of UAV tasks and resource allocations, and the
swarm’s collective behavior drives the search for the optimal
configuration. Our VPSO algorithm enhances traditional
PSO with several benefits for the optimization problem:

1) tailored coding and decoding (CODEC) strategies for
UAV mission planning

2) fitness function based on minimizing information age

3) dynamic weight update strategy for enhanced
optimization

4) population expansion using variable neighborhood
search to mitigate local optima

1) CODING AND DECODING (CODEC)

In the proposed VPSO, the swarm consists of § particles,
each with a dimension D equal to the number of users in
the system, denoted by N. The position of particle i in the
™ iteration is represented as xll. = (xi1 , xf’z, . ,xﬁ, p) Where
each component xf’j lies within the range xf’j e [0, M),
Vi = 1,2,...,D. Here, h is a positive integer known as
the coding factor, chosen based on the system’s number of
UAVs and users.

The decoding strategy involves determining the user
access order for each UAV in the system based on the
position of each particle. First, the elements in xf are
sorted from smallest to largest, resulting in a new order
denoted by j. Subsequently, using the sorted values, the
UAV responsible for accessing each user is decoded. For

instance, x! . corresponds to the UAV number responsible for

LJj
X
=L+,

accessing user u; as

where, the operation [-] denotes rounding down to the nearest
integer. This process ensures that users assigned to the same
UAV are grouped together. Subsequently, based on the sorted
order j' of each element, the sequence in which each user j
is accessed within the task queue of its corresponding UAV
is determined. For instance, if both user u; and user u4 are
assigned to the task queue of UAV ap, and u; is sorted
second, while uy4 is sorted first, then the task order for UAV
ay is Ty = {4, 1}.

27)
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2) FITNESS FUNCTION

Utilizing the CODEC strategy in Section IV-Al, we
derive the mission sequence for each UAV, denoted as
T,,. Simultaneously, leveraging the DC point set attained
from the hovering coordinate optimization sub-problem in
Section III-B, denoted as C,, and the communication HP
set D, we determine the flight path R, for each UAV.
Consequently, employing (18), we compute the overall
information age of the system. Given that our optimization
objective revolves around minimizing the information age,
it directly serves as the fitness criterion denoted as F = Ap.

Utilizing this fitness calculation function, we compute
the fitness value for each particle. For instance, in the jth
iteration, we identify the position with the lowest fitness
among all positions of particle i from the previous /™ round,
termed as the individual optimal position of the particle.
This is represented as xf, where i = 1,2,...,S, and its
corresponding fitness is denoted as Ff’, withi=1,2,...,8.
Furthermore, the position with the minimum fitness across
all particles is termed as the optimal position of the group,
denoted as xgp, and its corresponding global minimum fitness
is denoted as Fgp.

3) DYNAMIC WEIGHT UPDATE STRATEGY

In the PSO algorithm, each particle’s position is updated
using its current position and respective update speed. Here,
uf represents the update speed of particle i in the /™ round.
Consequently, the position of particle i in the next round is
calculated as

xﬁ"'l = xf + uﬁ“.

(28)

The updating of position of individual particles is influ-
enced by both the individual’s optimal position and the
group’s optimal position. This updating process comprises
three components: the memory term, individual cognitive
term, and group cognitive term. The memory term signifies
the current velocity, influenced by the magnitude and
direction of the previous velocity. The individual cognitive
term reflects particles’ inclination to explore their individual
optimal solutions within the solution space. On the other
hand, the group cognitive term signifies particles’ inclination
to explore the optimal solution within the entire neigh-
borhood, showcasing collaboration and knowledge sharing
among particles. The update rate of particle i in the [+ 1
round is given as
uElH) = a)l X uf +cin X (xﬁb - xf) + camp X (xgb - xf),

(29)

where ¢ and ¢, represent the individual and social learning
factors, respectively, and are typically set to 2. The individual
learning factor encourages a particle to move towards its own
best-known position, while the social learning factor guides
it towards the best-known position found by the swarm.
Meanwhile, n; and 7, are random numbers drawn from the
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interval [0, 1]. o' denotes the inertia weight factor, with val-
ues typically constrained within [0, 1]. A larger ' enhances
global search capabilities, allowing for exploration of new
candidate solutions within the solution space. Conversely,
a smaller o improves local search abilities, facilitating
algorithm convergence. Thus, the dynamic weight update
strategy with non-linearly decreasing dynamic weights in
VPSO can be employed as

1

w1\ 1+1%

ol =w x [ — L
w2

where w; represents the initial weight, w» represents the
final weight, and w; > w;. L represents the total number of
iterations.

(30)

4) VARIABLE NEIGHBORHOOD SEARCH (VNS)
EXTENSION
VPSO utilizes three neighborhood structures to discover
improved solutions, with each neighborhood containing a set
of candidate particles, denoted as Sy. During each iteration,
the particle position with the lowest fitness among the S
particles in the original search space is chosen as the source
position. Subsequently, candidate particles are generated
in the three neighborhoods based on specific perturbation
rules determined by the source position. For instance, in
the I iteration, xp, represents the source position, and
the generation rules for the other candidate particles are
outlined as

1) Randomly select two integers i and j from the interval
[1,N], then swap the positions of the i and j®
elements in xp,. Repeat this process Sy times to
generate the set of candidate particles in neighborhood
1 denoted as z,,, where g =1,2,..., Sy.

2) Generate four random integers within the interval
[1, N]: i1, iz, j1, and jp. Then, perform the following
exchanges: swap the itlh element with the jtlh element,
and swap the i' element with the jf' element in

xé. Repeat this process Sy times to obtain a set of

candidate particles in neighborhood 2, denoted as e,

where ¢ ranges from 1 to Sy.

3) Generate six random integers within the interval [1, N]:
i1, i2, 13, j1, j2, and j3. Then, perform the following
swaps: exchange the itlh element with the first jtlh

element, the if' element with the first /T element,
and the first 1‘3% element with the first /I element in
xé. Repeat this process Sy times to obtain a set of

candidate particles in neighborhood 3, denoted as h,,

where g ranges from 1 to Sy.

4) After generating candidate particles for each neighbor-
hood, a total of 3 Sy candidate particles are obtained.
The fitness of each candidate particle is individually
calculated using the fitness function defined in (27). If
a particle’s fitness is lower than the global minimum
fitness, Fygp, it is updated to the new global optimal
position, and the global minimum fitness is updated
to the fitness of that particle.
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Algorithm 1 VPSO Algorithm
Input: C,, D, a;,, a;,, and v,.

Output: Fgp, Tf;l, and average energy consumption of UAVs.

1: Initialize the position and velocity of all S particles, F' f’

and Fgp;

2: Calculate the initial fitness values of S particles, update

F lb and Fg,, determine xf and xgp;

32 for/=1,2,...,L do

4:  Calculate the update velocity of each particle in this
round according to (29);

5:  Follow (28) to update the position of each particle.
According to the decoding strategy described in
Section IV-Al, obtain the UAV task arrangement
corresponding to each particle;

7. Calculate the fitness of each particle based on the
decoded UAV task arrangement;

8:  Update Flb s Fop, xf, and xg, based on the fitness of
the particles, and determine the source position of the
variable neighborhood xé;

9:  Decode the UAV task arrangement obtained from xgp
update to T2;

10 fork=1,2,3 do

11: if kK =1 then

12: Generate Zlq according to Rule (4) in
Section IV-A4 and calculate fitness;

13: else if £ =2 then

14: Generate ¢! according to Rule (4) in
Section IV-A4 and calculate fitness;

15: else if k = 3 then

16: Generate hfl according to Rule (4) in
Section 1V-A4 and calculate fitness;

17: end if

18: Update fitness less than Fg; to the new Fjgp, and

update the corresponding particle position to xgp;
19:  end for
20: end for
21: Compute the energy consumption of each UAV based
on (8), and calculate the average energy consumption

1 M
M Zm:l Er(,'}

The specific details of the algorithm implementation are
provided in Algorithm 1.

B. TWIN VARIABLE PSO (TVPSO)

The UAV’s velocity and parameters must be optimized
considering the Aol from task planning, as they are
interdependent. This paper proposes a dual PSO algorithm
based on VNS, consisting of an external swarm optimizing
UAV velocity and parameters and an internal swarm opti-
mizing UAV paths. The nested dual swarm structure allows
alternating optimization of these coupled items, while the
variable neighborhood methods expand the search space,
avoiding local optima and achieving global optimization.
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The following sections detail the design of the external PSO
algorithm.

1) PARTICLE POSITION DESIGN BASED ON PARAMETER
FUSION
In the external particle swarm, the number of particles is set
to S7. Since the optimization of the external particle swarm
includes three components, i.e., UAV speed, sensing power
allocation parameters, and communication power allocation
parameters, the dimension D7 of the particles is three times
the number of UAVs M in the system, i.e., Dy = 3M.
The maximum number of iterations for the external particle
swarm is denoted as G.

The position of particle j in the g-th iteration is given as

8

¥ = (31)

g .8 g
(yj,l’ Yiar-ons yj,31)>-
o The first M elements (y;g » yﬁ e yﬁ ) represent

the flight speed of each UAV, v,, with a range of

[Vmin, Vmax]-

o The middle M .elements (yf’MH ,.yiMH, e inM) rep-
resent the sensing power allocation parameters of each
UAV, o, with a range of [0.1,0.9].

o The last M elements (V]E"),ZMH’ yﬁZMH, ...,yﬁ3M) rep-
resent the communication power allocation parameters
of each UAV, «f,, also with a range of [0.1,0.9].

2) HYBRID FITNESS CALCULATION FUNCTION

The fitness calculation of each particle in TVPSO is related
to the particle’s position and the optimization results of each
particle in the VPSO algorithm. Taking the g" iteration
as an example, the position yig of the i particle is used
as input for the VPSO algorithm. After L iterations in
VPSO, the optimal flight path R, for each UAV can be
obtained. In the optimization of the VPSO algorithm, the
focus is on minimizing the information age for UAV path
optimization. Therefore, the fitness function value is the
minimum information age of the system after optimization.
However, in the global optimization problem based on
minimizing the information age proposed in (19). There
are also constraints on the energy consumption of UAVs.
Therefore, to minimize the total energy consumption of each
UAV in the final optimization solution as much as possible,
the TVPSO algorithm uses a hybrid fitness calculation
function based on weights as

M M
Fr=¢Y ES+(1—¢)) X"

m=1

(32)
m=1
where ¢ is the blending ratio factor, representing the weight
of energy consideration in the fitness function calculation.
Based on this fitness calculation function, the fitness of
each particle can be computed. Taking the g iteration as an
example, the position corresponding to the minimum fitness
among all positions of particle j in the previous g iterations is
termed as the individual best position of the particle, denoted
as y]l.’ , with the corresponding fitness F. l}j . The position with
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the minimum fitness among all particles is termed as the
global best position, denoted as ygp, with the corresponding
global minimum fitness Fr,,.

3) PARTICLE UPDATE BASED ON DYNAMIC WEIGHTS

Similar to the particle positions, the particle update velocities
in TVPSO correspond to increments in UAV velocity, sens-
ing power allocation, and communication power allocation
parameters. Let w}g denotes the update velocity of particle
j at the g™ iteration. Then, the position of particle j in the
next iteration is given by

g+1

1
W = T (33)

The position of particle j is updated at the rate of g+ 1 as

1
W = ot

; :a)wa;‘?'—{—Cﬁ]gX(yl]?—)’}g)‘i‘cﬂmx (ygb_yf)‘

(34)

where ¢3 and ¢4 represent the individual and social learning
factors, typically set to 2. n3 and 14 are random numbers
between 0 and 1. w‘% denotes the inertia weight factor,
which ranges from O to 1 and is usually assigned a fixed
value. A larger a)‘; indicates stronger global search capability,
exploring more new candidate solutions in the solution
space, while a smaller a)‘; enhances local search capability,
accelerating algorithm convergence. Therefore, in TVPSO,
a non-linearly decreasing dynamic weight update strategy is
employed as

(35)

where w3 and w4 represent the initial and final weights,
respectively, with w3 being greater than w4 and G represents
the total number of iterations.

4) VARIABLE NEIGHBORHOOD SEARCH EXTENSION IN
TVPSO
TVPSO incorporates three neighborhood structures, each
with Sty candidate particles. In each iteration, the position
of the particle with the lowest fitness among the St particles
in the original search space serves as the source position.
Subsequently, candidate particles for the three neighborhoods
are generated based on this source position using specific
disturbance rules. For instance, in the g® iteration, yi
represents the source position. The generation rules for other
candidate particles are as follows

1) To exchange the velocities of any two UAVs, randomly
select two integers, i and j, within the specified interval
[1, M]. Swap the positions of the i and j elements in
yi to generate a candidate particle. Repeat this process
Sty times to create a set of candidate particles in
neighborhood 1.
To exchange the sensing power allocation parameters
of any two UAVs, randomly select two integers i and
J within the specified interval [M + 1, 2M]. Swap the
positions of the i and j elements in y§ to obtain

2)
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TABLE 1. Simulation parameters.

Parameter Value

Urban environment b1, b2, HLos,
KNLos [40]

Simulation area (m) 1000x1000x30

Number of UAVs 5

Number of users 30

Bandwidth (bits/sec) 108

Size of sensing data (bits) 2 x 107

UAV flight speed range (m/s) [30,50]

UAV propulsion power (W) [5,10]

UAV hovering power (W) 5

DC coordinates (m) (500,500,20)

Distance constraint from CP to user (m) | [30,40]

Distance constraint from HP to DC (m) [10,15]

Minimum distance between UAVs (m) 5

a candidate particle. Repeat this process Sty times to
generate a set of candidate particles in neighborhood 2.

3) To exchange the communication power allocation
parameters of any two UAVs, randomly generate two
integers ¢ and j within the specified interval [2M +
1, 3M]. Swap the positions of the i-th and j-th elements
in yi to obtain a candidate particle. Repeat this process
Sty times to derive a set of candidate particles in
neighborhood 3.

Thus, a total of 3Sy candidate particles are obtained.
Calculate each particle’s fitness using the fitness function
in (32). If a particle’s fitness is less than the global minimum
fitness Fr,,, update the global best position and set the global
minimum fitness to this particle’s fitness.

In the proposed VPSO and TVPSO algorithms, the
initial values of particles (i.e., potential solutions) are
randomly generated within predefined bounds. This approach
is common in PSO algorithms to promote diversity in
the population and prevents premature convergence [41].
Each particle’s position and velocity are randomly set
within the search space, ensuring broad exploration while
boundary constraints keep particles within feasible limits.
This balances exploration and exploitation, aiding effective
convergence.

V. NUMERICAL RESULTS AND DISCUSSION

In this section, we evaluate the impact of various design
parameters on both the Aol and energy consumption within
a multi-UAV, multi-user scenario. We set up the simulation
model in the MATLAB environment. Unless otherwise
stated, simulation parameters are presented in Table 1.

A. IMPACT OF DIFFERENT DESIGN PARAMETERS ON
THE INFORMATION AGE AND ENERGY CONSUMPTION
USING VPSO ALGORITHM

Fig. 3-6 in this subsection investigates the differences in
optimization results of the optimal information age under
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FIGURE 3. Impact of communication power ratio on information age and energy
consumption.

communication power ratio o, sensing power ratio oy,
and number of UAVs and users. Each simulation yields
results based on the VPSO algorithm under the same hover
coordinate optimization. The VPSO algorithm’s maximum
iteration count is set to 200, with individual learning factor
c1 and social learning factor ¢, both set to 2. Initial weight
w1 and final weight w; are set to 0.4 and 0.9, respectively.
The number of particles S is set to 50, with Sy, the number of
candidate particles in each neighborhood, set to 10. Particle
dimension D equals the number of users.

Fig. 3 illustrates the impact of varying the communication
power ratio (¢) on the minimum information age and
average energy consumption of UAVs in a multi-UAV-
assisted network. The simulations are conducted with fixed
parameters: M = 5 (number of UAVs), N = 30 (number
of users), o (sensing power ratio), and v = 40 km/h (UAV
speed), while «, ranges from 0.1 to 0.9. Specifically, the
results in Fig. 3 are obtained by solving the optimization
problem in (19) using the framework in Algorithm 1. As o,
increases, the minimum Aol decreases, reflecting fresher data
due to faster communication. However, this comes at the cost
of higher energy consumption, as increased communication
power requires more energy for data transmission. The
results highlight a trade-off: while higher «, improves data
timeliness, it also raises energy expenditure for the UAVs.
Thus, in a trade-off scenario, o, = 0.6 might be considered
optimal, as it provides a reasonable reduction in Aol while
keeping energy consumption at a manageable level, avoiding
the extremes of either metric.

Fig. 4 presents the results of simulations conducted to
examine the impact of varying the sensing power ratio (o)
on the minimum information age and the average energy
consumption of UAVs. The simulations are conducted with
fixed parameters: M = 5 (number of UAVs), N = 30
(number of users), o, (communication power ratio), and
v = 40 (UAV speed), while o ranges from 0.1 to 0.9.
These results rely on the UAV energy model in (8) and
the communication model in (11), which together define
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how energy consumption and transmission rates are managed
within the proposed optimization scheme in Algorithm 1.
As oy increases, the minimum information age decreases,
indicating that UAVs can gather and update information more
quickly. Concurrently, the average energy consumption of
the UAVs first decreases and then increases. For an optimal
trade-off between Aol and energy consumption in Fig. 4,
oy = 0.5 is a strong candidate. It provides a balance that
avoids the extremes of high energy consumption or high Aol,
making it suitable for scenarios where both metrics need to
be optimized.

Fig. 5 illustrates the impact of varying the number of
users (N) on the minimum information age and the average
energy consumption of UAVs in a data collection mission.
The parameters are fixed with communication power ratio
(ae) set at 0.5, sensing power ratio («g) at 0.5, UAV speed
(v) at 40 km/h, and the number of UAVs (M) at 5. As the
number of users increases from 10 to 50, both the minimum
information age (Aol) and the average energy consumption
of the UAVs rise. This is because more users lead to greater
resource contention, causing UAVs to spend more time and
energy completing their tasks. Conversely, with fewer users,
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resource utilization is more efficient, resulting in better
overall performance.

Fig. 6 illustrates the minimum information age and corre-
sponding average UAV energy consumption as the number
of UAVs ranges from 3 to 7. It’s noticeable that with an
increase in the number of UAVs, both the information age
and the average energy consumption decrease. The trend
occurs because there are more resources available for data
collection and communication tasks. This enables a better
distribution of tasks among the UAVs, reducing congestion
and overall workload.

B. IMPACT OF DIFFERENT OPTIMIZATION ALGORITHMS
ON THE INFORMATION AGE AND ENERGY
CONSUMPTION

Fig. 7 shows the convergence behavior of five algorithms
over 200 iterations: GPSO, TPSO, RPSO, VPSO, and
TVPSO. The results indicate that TVPSO achieves the
best fitness convergence, outperforming the other PSO-based
algorithms. This superior performance is due to TVPSO’s
time-varying nature, which expands the search space and
helps avoid local optima. In contrast, RPSO demonstrates
the weakest convergence, highlighting the inefficiency of
random parameter optimization. GPSO and TPSO show
moderate performance, better than RPSO but not as effective
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as TVPSO and VPSO. TVPSO also surpasses VPSO due
to its dual-swarm structure, which enhances search space
exploration and solution quality, justifying its increased
computational demands.

Figs. 8-11 in this subsection, present a comparative
analysis of the performances of TVPSO against three PSO-
based algorithms: Grey Wolf PSO (GPSO), Traditional
PSO (TPSO), and Random Parameter Optimization with
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PSO (RPSO), as well as DQN, both with and without
optimization. The maximum iteration count for TVPSO and
the three baseline algorithms is set to 200. In the particle
swarm algorithm, the number of particles is set to 50, and
both individual and social learning factors are set to 2.
The initial weight and final weight, which decrease non-
linearly, are set to 0.9 and 0.4, respectively. In the Grey Wolf
algorithm, the pack size is set to 50, and the convergence
factor during position updates linearly decreases from 2 to 0
over the iterations. All four algorithms are simulated under
the same system model and hover coordinate optimization
results.

Fig. 8 and 9 show how the total sum of information
age and maximum energy consumption vary across six
approaches, with a constant number of UAVs at 5 and
users ranging from 10 to 50. In Fig. 8, the total sum of
information age increases as the number of users rises for
all four PSO-based algorithms, as well as for the DQN-
based approach, both with and without optimization. TVPSO
consistently achieves the lowest total sum of information
age, outperforming the other PSO-based and DQN-based
methods. The performance ranking from best to worst is as
follows: GPSO, TPSO, RPSO, DQN with optimization, and
DQN without optimization.

Fig. 9 shows that maximum energy consumption per UAV
rises as the number of users increases for all approaches
due to the higher number of access tasks per UAV. TVPSO
consistently exhibits lower maximum energy consumption
compared to the other approaches, indicating superior
performance. The other approaches display some fluctuations
in optimization results.

Fig. 10 and 11 show the variation in the total sum of
information age and maximum energy consumption across
six approaches, with a fixed number of users at 30 and the
number of UAVs ranging from 3 to 7. In Fig. 10, the total
sum of information age decreases as the number of UAVs
increases for all approaches. TVPSO consistently achieves
a lower total sum of information age compared to the
other five approaches, demonstrating superior performance.
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Among the other methods, the DQN approach without
optimization performs the worst, while GPSO and TPSO
show fluctuations at M = 3 and M = 4, followed by
consistent performance up to M = 7.

Fig. 11 shows that the maximum energy consumption
per UAV decreases as the number of UAVs increases for
all six approaches, due to the reduced number of access
tasks per UAV. TVPSO consistently exhibits lower maximum
energy consumption compared to the other approaches,
demonstrating superior performance. The results for the other
three PSO-based algorithms display some fluctuations.

VI. CONCLUSION

In this paper, we have investigated and addressed the
optimization of resource allocation and flight trajectories for
multiple UAVs within a multi-UAV network serving multiple
ground users, with the goal of minimizing the Aol. We
have formulated the problem by jointly optimizing power
allocation, bandwidth distribution, and UAV trajectories to
achieve the lowest possible Aol for the collected data. To
solve this complex optimization problem, we have proposed
two algorithmic frameworks based on swarm optimization:
VPSO and TVPSO. Numerical results have demonstrated
that TVPSO consistently outperforms other algorithms,
including GPSO, traditional PSO, RPSO, and a non-PSO-
based method (DQN-based approach), in both Aol and
energy consumption performances. Furthermore, our findings
reveal that the optimal Aol is significantly influenced by
factors such as sensing and communication power ratios,
as well as the number of UAVs and users in the network.
These insights provide valuable guidelines for designing and
optimizing multi-UAV systems in practical applications.
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