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Abstract—Unmanned aerial vehicle (UAV) swarm-assisted in-
tegrated sensing and communication (ISAC) networks are a
crucial technology for providing communication and sensing
services in emergency rescue scenarios without base station
support. However, the strong coupling between communication
and sensing resources in such networks fundamentally limits
the communication and sensing performance of ISAC systems.
This paper jointly optimizes spectrum allocation, UAV association
and deployment to maximize average system throughput while
ensuring localization accuracy in such networks, where sensing is
realized through localization. We begin by deriving an analytical
expression for localization accuracy, which explicitly captures
the joint effects of link quality and anchor geometry under
shared communication-localization spectrum resources. We then
formulate average system throughput maximization as a mixed-
integer nonlinear and non-convex optimization problem with the
constraints of localization accuracy, sub-channels, UAV associa-
tion, UAV deployment and signal-to-interference-plus-noise ratio.
We further develop an alternating iterative optimization method
to solve this complex optimization problem. Within this method,
a particle swarm optimization-based method is developed to
jointly optimize spectrum allocation and UAV association, and
a dueling double deep Q-network-based method is further
employed for UAV deployment optimization. Finally, extensive
simulation results are presented to validate the efficiency of our
optimization method, and also to illustrate how key parameters
influence average system throughput and localization accuracy.

Index Terms—UAV swarm networks, ISAC, localization, spec-
trum and association allocation, UAV deployment optimization,
alternating iterative optimization.
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NTEGRATED sensing and communication (ISAC) net-

works are widely regarded as a cornerstone technology for
low-altitude intelligent networks and 6G systems, providing
low-latency, highly reliable, and intelligent decision-making
capabilities for critical applications such as emergency rescue,
intelligent transportation, and industrial automation [1], [2].
Sensing includes target detection, environmental perception,
parameter estimation, tracking, and localization. Among these,
localization has attracted extensive attention for its ability
to provide accurate and real-time user location information
in emergency rescue scenarios. However, conventional global
navigation satellite systems (GNSS) and cellular-based lo-
calization methods experience severe performance degrada-
tion in emergency scenarios characterized by non-line-of-
sight (NLoS) propagation and infrastructure damage, limit-
ing their ability to deliver reliable real-time localization and
communication services [3], [4] and ultimately compromising
rescue effectiveness. Unmanned aerial vehicle (UAV) swarm-
assisted ISAC networks have emerged as a promising solution
by leveraging UAVs’ rapid deployment, high mobility, and
line-of-sight (LoS)-enabled communication links [5]-[7]. To
meet the stringent requirements of emergency rescue, it is
therefore critical to enhance both sensing and communication
performance in such networks.

Existing works on UAV-assisted networks can be broadly
classified into three categories: communication performance
optimization [8]-[16], localization performance optimiza-
tion [17]-[25], and joint communication and localization
performance optimization [26]-[34]. The joint optimization
studies are most relevant to our work and are summarized in
Table I. Although they provide valuable insights, they are still
insufficient for base station (BS)-free emergency rescue ISAC
networks. On the one hand, several existing UAV-assisted
ISAC studies still rely on functional BS support [26]-[29],
which limits their applicability in disaster scenarios where
terrestrial infrastructure may be damaged or unavailable. On
the other hand, the existing BS-free studies usually optimize
only part of the decision variables, such as UAV anchor
association [30], [32] or power control [32], [33], and some
of them still rely on traditional optimization methods [30],
[34]. As a result, they cannot fully capture how spectrum al-
location, UAV association, and UAV deployment jointly shape
interference, link quality and anchor geometry in dynamic
environments, which together determine the communication
and localization performance. In particular, communication
and localization signals may share the same limited spectrum



TABLE I
COMPARISON WITH EXISTING WORKS.

Work Base UAV Optimization Parameters Optimization Objective Solution Method
Station- Swarm
Free
[26] 3D UAV position, communication Maximize communication rate Traditional method
bandwidth and power allocation
[27] v UAV Deployment Minimize UAV deployment numbers Traditional method
[28] Anchor selection Optimize transmission power and Traditional method
localization accuracy
[29] UAV trajectory and transmission Minimize energy consumption Traditional method
scheduling
[30] v v Anchor selection Minimize sensing error Traditional method
[31] Waveform design / /
[32] v v UAV trajectory, power and association Maximize communication and Reinforcement learning
localization performance
[33] v v Anchor selection and power allocation Maximize energy efficiency Multi-agent reinforcement learning
[34] v v UAV trajectories and transmission Minimize localization error Traditional method
scheduling
This v v Resource allocation, UAV association Maximize throughput and ensure Deep reinforcement learning and
work and UAV deployment localization accuracy heuristic method

resources, which introduces severe mutual interference and
directly affects communication performance, while localiza-
tion performance depends both on link quality and geometric
configuration of multiple aerial anchors. Therefore, jointly
optimizing spectrum allocation, association and UAV deploy-
ment to improve communication and localization performance
in BS-free UAV swarm-assisted ISAC networks remains a
challenging problem.

Motivated by these limitations, this paper investigates a BS-
free UAV swarm-assisted ISAC network and jointly optimizes
spectrum allocation, UAV association, and deployment to max-
imize the average system throughput while ensuring accurate
localization. This problem is particularly challenging because
these variables are deeply coupled, and any local adjustment
may simultaneously affect communication and localization
links, interference patterns, and anchor geometry. Moreover,
communication and localization compete for limited resources,
leading to an intrinsic performance tradeoff between through-
put enhancement and localization accuracy assurance. To
address these challenges, we derive an analytical expression
for localization accuracy, formulate a unified mixed-integer
nonlinear and non-convex optimization problem (MINNLP),
and develop a collaborative alternating iterative optimization
method for BS-free UAV swarm-assisted ISAC networks. The
main contributions of this paper are summarized as follows:

o Considering the complex effects of multiple factors on
communication and localization performance, we derive
an analytical expression for localization accuracy that
explicitly captures the joint effects of link quality and
anchor geometry in BS-free UAV swarm-assisted ISAC
networks with shared communication-localization spec-
trum resources. Based on this, we formulate the joint
spectrum allocation, UAV association, and UAV deploy-
ment problem as a MINNLP to maximize the average
system throughput, subject to localization accuracy, sub-
channel allocation, UAV association, UAV deployment,
and signal-to-interference-plus-noise ratio (SINR) con-

straints.

o To handle the strong coupling among resource allocation,
UAV association, and deployment involving both discrete
and continuous decision variables, we propose a collab-
orative alternating iterative optimization method consist-
ing of two complementary methods that leverage global
search capability and effective optimization in complex
decision spaces. In particular, a particle swarm optimiza-
tion (PSO)-based method is developed to solve the dis-
crete spectrum-allocation and UAV-association subprob-
lem by exploiting its strong global search capability in
combinatorial solution spaces, providing initial inputs for
UAV deployment. Then a dueling double deep Q-network
(DQN)-based method is designed for UAV deployment,
exploiting the adaptability of DQN and its effectiveness
in complex decision spaces, jointly maximizing average
system throughput and ensuring localization accuracy.
The integration of these two methods enables effective
coordination among spectrum resource allocation, UAV
association and UAV deployment strategies.

« Finally, extensive simulations demonstrate that our pro-
posed method significantly improves average system
throughput while maintaining high localization accu-
racy, outperforming baseline methods. These results val-
idate that the proposed method can provide highly effi-
cient communication and reliable localization services in
disaster-affected environments.

The rest of this paper is organized as follows. Section II
provides an overview of the related work. In Section III,
we present the system model. Section IV gives the prob-
lem formulation. Section V develops an alternating iterative
optimization method to solve the optimization problem. The
simulation results are provided in Section VI. Finally, Section
VII concludes this paper, highlighting the key findings.

II. RELATED WORK

Existing works on UAV-assisted networks can be catego-
rized into communication-oriented, localization-oriented, and



joint communication-localization works.

A. UAV-assisted Communication or Localization

Regarding the communication service, UAVs usually serve
as aerial BSs or relay nodes to ensure emergency communica-
tions of ground users in disaster-affected and infrastructure-
damaged areas. Cheng et al. [8] and He et al. [9] jointly
optimized user association and UAV deployment in UAV-
assisted networks to improve fairness, system throughput [8],
and quality of experience [9]. Geng et al. [10] further incor-
porated resource allocation into the optimization framework,
aiming to minimize the system cost. Ge et al. [11] jointly
optimized the bandwidth allocation, UAV-user association, and
UAV trajectories to enhance the overall service stability using
a traditional mathematical method. In [12], UAV positions,
bandwidth allocation, and transmit power are jointly optimized
to maximize the average utility in UAV-relay networks. Sun
et al. [13] jointly optimized UAV deployment, association and
resource allocation to ensure system fairness. Wang et al.
[14] proposed a convolutional neural network and Q-learning-
based framework for joint power allocation and service zone
selection, followed by a deterministic user scheduling policy in
UAV-assisted relay systems. Chen et al. [15] further proposed
an approach combining non-cooperative theoretical game and
multi-agent deep reinforcement learning (MADRL) to max-
imize system throughput and energy efficiency by a joint
optimization of user association and UAV trajectory. MADRL
was also used in [16] to optimize UAV deployment, association
and resource allocation.

As for localization service, most existing studies focus on
optimizing UAV parameters to enhance localization accuracy.
Qu et al. [17] and Fatima et al. [18] respectively optimized en-
ergy beamforming and bandwidth allocation [17], and receiver
placement [18] to improve localization or target estimation ac-
curacy. Famili et al. [19], [20] enhanced localization accuracy
under unknown transmitter locations by exploiting time differ-
ence of arrival measurements and Doppler shifts using a DRL-
based method. Graff et al. [21] optimized pilot placement and
power allocation to minimize time-of-arrival (ToA) estimation
errors. Saikko et al. [22] exploited Fisher information and
prior tracking information to select informative range, angle,
and received signal strength measurements, thereby improving
localization accuracy with fewer measurements. Jests-Azabal
et al. [23] investigated energy-aware anchor optimization by
adjusting active anchors, balancing localization accuracy and
energy consumption. Ebrahimi et al. [24] employed reinforce-
ment learning to optimize UAV trajectories for improving lo-
calization accuracy in global positioning system (GPS)-denied
environments. Kato et al. [25] developed a radio-propagation-
aware UAV path planning method that optimizes observation
strategies and location selection to reduce localization errors
caused by signal strength fluctuations.

B. UAV-assisted ISAC

The UAV-assisted joint communication and localization
service can be categorized into BS-supported and BS-free sce-
narios. For BS-supported scenarios, Bi et al. [26] considered

a UAV as both an airborne BS and anchor node, and jointly
optimized UAV deployment, power allocation and bandwidth
to maximize system throughput under localization accuracy
constraints. Yang et al. [27] jointly optimized the number
of UAVs, their spatial positions, and UAV-user associations
to satisfy both ground communication and localization re-
quirements. Yang et al. [28] used simulated annealing for
UAV deployment and integrated heuristics to jointly optimize
association, power, and sub-channel allocation, improving
coverage and communication efficiency while reducing energy
consumption. Wang et al. [29] proposed a joint optimization
method for UAV trajectory and device transmission schedul-
ing, achieving reduced energy consumption and improved 3D
localization performance. Zhu et al. [30] proposed a Doppler-
based UAV-swarm-assisted vehicular network framework for
joint sensing and communication, and employed a differential
evolution algorithm to achieve a trade-off of communication
and sensing performance. However, in disaster scenarios where
terrestrial infrastructure is damaged or unavailable, traditional
localization methods become ineffective. Therefore, for BS-
free scenarios, Tao et al. [31] proposed a novel ISAC scheme,
where integrated waveform design, resource reuse and receiver
processing enable joint data demodulation and sensing param-
eter estimation. This work primarily focuses on physical-layer
waveform and transceiver design, while higher-layer resource
scheduling is beyond its main scope. More specifically, Zhu
et al. [33] and Xie et al. [32] mainly focus on localization
performance in sensing, and investigate higher-layer resource
scheduling and network-level optimization. Zhu et al. adopted
the time-difference-of-arrival technique, and proposed a UAV
swarm-based rural localization method to jointly optimize user
association and power level to maximize communication and
localization performance. Xie et al. jointly optimized UAV
trajectory, transmit power and user association to balance
communication throughput and localization performance. Sim-
ilarly, Zhu et al. [34] achieved the objective of minimizing the
average localization error of sensors by optimizing UAV tra-
jectories and sensor transmission scheduling strategies, while
ensuring successful data uploading.

III. SYSTEM MODEL
A. Network Model

As shown in Fig. 1, we consider a UAV swarm-assisted
ISAC network for disaster rescue with M UAVs and N
ground users. One UAV serves as the cluster head (CH) for
decision-making, while the others act as cluster members
(CMs) interacting with ground users. GPS is unreliable due
to mountainous terrain and forest coverage, and damaged
terrestrial infrastructure degrades communication, so the UAV
swarm enables the network to provide communication and
localization services. Ground users transmit signals to UAVs,
which extract relevant information to determine UAV asso-
ciation, sub-channel allocation, and localization strategies. It
is worth noting that communication and localization signals
may occupy the same spectrum resources, as described in
[35], [36]. Furthermore, the network has K spectrum resource
blocks, each corresponding to a sub-channel of bandwidth
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Fig. 1. The system model

TABLE 11
LIST OF MAJOR NOTATIONS

Symbol Description

U/l Unm The set of UAVs / the m-th UAV
C/Cp The set of ground users / the n-th user
M/ N The number of UAVs / ground users

The set of UAVs communicating with C}, / The

yeom Uloc A .. .
n n set of UAVs providing localization service for Cf,

Pm /P The 2-D coordinates of U,y / the set of py,

H The altitude of the UAVs

dn The 2-D coordinates of C'y,

KikilK The set of sub-channels / the i-th sub-channel /

the number of sub-channels
ant The channel gain between Uy, and C),
com /ploc The transmit power of the communication signal
pp / the localization signal
asom | Acom

The indicator variable whether C', selects the Uy,
for communication / the set of am

The indicator variable whether C', selects the U,
for localization

The indicator variable for C, selects the k-th sub-
channel for communication / the set of 5"
The indicator variable for C), selects the k-th sub-
channel for localization / the set of wly‘;ck

The communication SINR of U™ on k-th sub-
channel / the total communication SINR at U™
The interference power of other users to the com-
munication / localization signal of C', on the k-th
sub-channel

o/ Bloe

m

com com
VA

iy /i

com com
L

com loc
Ink / Inmk:

Nioe The number of UAVs used for localization
(omm)2 The pseudorange measurement variance between
4 Up, and Cp,
€n | On The localization RMSE / accuracy of C),
loc The SINR of the localization signal at the U, €
Tnm Ulgc

B, denoted by X = {k; | ¢ = 1,..., K}. Communication
and localization sub-channels may overlap, and each user’s
communication or localization signal occupies at most one
sub-channel. A CH serves as a system coordination center
to manage sub-channel sharing between communication and
localization signals across all UAVs and users.

B. UAV-User Channel Model

We first denote the set of UAVs in the network as
U ={U,Us, - ,Upn}, with the two-dimensional Cartesian
coordinates of the m-th UAV U,, represented by p,, =
(aP,yp) € P, where m € {1,2,--- ,M}, P represents
the coordinates set of the M UAVs, and the flight altitude

—> User-to-UAV communication
channel

z g Communication user

Data
transmission

| \ x
y = =

Fig. 2. Communication model

of the UAVs is H. The set of ground users is denoted as
C = {C1,Cq,--- ,Cn}, and the two-dimensional Cartesian
coordinates of each C), are given by q, = (z%,y?), where
ne{l,2,--- ,N}

As indicated in [37], the communication link between
the UAVs and the ground users can be modeled using a
probabilistic path loss model, which accounts for the occur-
rence probabilities of both LoS and NLoS conditions. The
probability that the channel between U, and C, is a LoS
channel is given by

1

aexp (< (sin " (f5) —a))

where a and b are environment-dependent constants, and d)' =
V/]|Pm — dnl|[? + H?2 represents the distance between U, and
C,,. Moreover, the probability of the NLoS channel is given
by

(D

PLOS =

PNios = 1 — Pros. )

Then, the average path-loss encompassing both LoS and
NLoS components for the link between C,, and U, can be
determined as follows [38]:

dmfdm\?
Pan - (PLOS * ULoS + PNLOS : N’NLOS) <J;.n> ) (3)

where f is the signal transmission frequency, ¢ is the speed
of light, and pyos and pnpos denote the attenuation factors
for LoS and NLoS links, respectively. Then, the average
channel gain between C, and U,, can be expressed as
g = (1/PLyy) [381.

C. UAV-User Communication Model

Fig. 2 shows that a UAV swarm provides communication
services for ground users. We use ajon to indicate whether
U,, provides communication service to C,, and A{™

com com com 1 1 M
[anl py' ccoay M]. If U,,, provides communication ser-
vice, ajom = 1; otherwise, alym = 0. It satisfies

M
> ame{0,1},n€{1,2,..,N}. (4)
m=1

The above equation ensures that at most one UAV can
provide communication service to a given ground user. Let



U™ C U denote the set of UAVs assigned to provide
communication service to C,,.

We then use ;" € U™ as the indicator variables, which
indicate whether the communication signal of C,, occupies the
k-th sub-channel, and W™ = [y oy" com]. If

com __

C', occupies the k-th sub-channel for communication, 9$;" =

1; otherwise, ;%" = 0, which is constrained as follows

K
> v e {01} )
k=1

The above constraint indicates that the communication signal

can occupy at most one sub-channel.

Accordingly, the communication SINR of US°™ on k-th sub-
channel can be expressed as

M m . pcom ., com  com
poom In nm nk P (6)
nk — § : Jeom o2 ’
m=1 nk

where 02 = N, - B is the power of noise, and p“™ is the

transmit power of communication signal. I73" represents the
interference received by US°™ from the communication signals
of other users and all localization signals on k-th sub-channel,
which can be expressed as

N N
D Y ol U € U
I1=1,l#n =1
(7

Here, the first and second terms in (7) represent the interfer-
ence caused by other communication signals and localization
signals, respectively. p'° denotes the transmit power of the
localization signal, and w}‘,’f denotes the indicator variable
indicating whether the localization signal of Cj occupies the
k-th sub-channel, as discussed in the later section.

Accordingly, the SINR at U™ for communication can be
expressed as

K
e = e, ®)
k=1
Then, the throughput from C,, to US"™ is given by

R, = Blogy (1 +75&™). 9)
The average system throughput is given by
1 N
R=< ; R. (10)
IV. LOCALIZATION MODELLING AND PROBLEM
FORMULATION

A. Localization Modelling

As illustrated in Fig. 3, we develop a localization model
tailored for disaster-affected environments where terrestrial
communication infrastructure is unavailable, and communica-
tion and localization signals can share the same sub-channel.
In practice, sub-channel reuse is common due to limited spec-
trum resources, where transmissions from multiple nodes often
share the same sub-channels, incurring mutual interference [8],

—> User-to-UAV localization channel

[:h User
z

|

i L
'ZE

Localization signal

Fig. 3. Localization model

[11], [14]. Prior work mainly allocates separate sub-channels
for communication and localization [29], [33], which are more
applicable in scenarios with abundant spectrum resources.
This localization model is designed for interference-prone
emergency rescue scenarios, with the objective of enabling
reliable communication and localization services for ground
users within the ISAC network.

In the localization model, ground users transmit localization
signals to UAVs, which subsequently receive and process these
signals to determine the optimized sub-channel allocation,
UAV association, and the UAV deployment. Then, the system
estimates the users’ positions and evaluates the corresponding
localization accuracy.

Equipped with high-precision navigation instruments, such
as map-referenced multi-sensor navigation systems, UAVs
can accurately determine their locations, thereby serving as
reliable aerial anchor nodes for localization and localization
applications [39], [40]. Therefore, ToA, which is a time-based
localization method, is employed to estimate the user positions
I, It offers simplicity, efficiency, and wide applicability, mak-
ing it suitable for resource-limited scenarios [41]. Specifically,
each user’s position is determined based on ToA measurements
collected from Ny, associated UAVs. The corresponding es-
timation model can be expressed as follows

a7 = ¢ T = \/IPw —aal? + B2 (D)
where d:f is the pseudorange between C), and U,,, and 7,
denotes the time duration for the localization signal transmitted
from C,, to the associated Uy, € U C U. |UX¢| = Nype > 3
is the set of associated UAVs of C,,, indicating that each user
is associated with at least three UAVs for localization [41].

Following the method in [35], [36], the receiver uses a
delay-locked loop (DLL) and an early-late discriminator.
Under the above conditions, and based on the pseudorange
measurement variance given in [42], we derive the pseudo-
range measurement variance adopted in this paper as (see
Appendix for details)

'Tt is worth noting that ISAC sensing generally encompasses target detec-
tion, environmental perception, parameter estimation, and target tracking. This
paper focuses on a ToA-based ground-user localization method.



nmy2 _ apLLTo
(0p™)" = W(NOB)‘@ +X+4Y), (12)
where X . Zn’—l Zk 1gn/ com }fzipcm Y =
ZN’—l n#En Zk 190 l?,“k if’,iploc Ty denotes the duration

of the communication signal and the localization signal. apr
is determined by the relevant parameters of the receiver’s
loop, and By, is the double-sided front-end bandwidth.
In equation (12), the first item represents the contribution
from noise, the second item accounts for interference from
communication signals occupying the same sub-channels as
the localization signals, and the third item reflects the impact
of co-sub-channel transmission from other localization signals
overlapping with the current localization signal.

Then the pseudorange measurement standard deviations
of C, are represented by o) = [o7!, 072, - oy e T,
Accordingly, the localization root mean square error (RMSE)
€, of C, is given by

o=/ Te(H, Dy (H,)T), (13)
where
Hy = [(Ga)"Ga] (G, (14)
and
w = diag((037™)%, (0p™)2, ., (03" ™))L (15)
Here, G, is a matrix determined by the geometric configura-

tion of the localization anchors, and D,, is a diagonal matrix
with the variances of pseudorange measurements between C,,
and its anchors.

nmi nmi
U, Uy
nmsa nmsa
U, Uy
Gn = . ; (16)
uz’ Nioc U;Z Nioc
and
q _ P
nm; x x
" a7
Yn — Yn

where u;™ and uy™' respectively denote the unit vectors of
C,, and U,,, along the x and y axes. At a 95% confidence
level, the localization accuracy of C,, can be expressed as:

ko.95
2

where kg g5 denotes the 95% quantile of the chi-square distri-
bution with two degrees of freedom.

Notably, the pseudorange variance model in (12) explicitly
couples sub-channel allocation, UAV association and deploy-
ment with localization performance. Sub-channel allocation
affects the pseudorange variance through the interference
terms X and Y, while UAV association and deployment
influence the geometry matrix and channel gain. Through (13)-
(18), these effects are propagated into localization accuracy,

bn = cen ~ 1.7316,, (18)

thereby coupling the optimization variables with localization
performance.

We use bl to represent whether U, is selected to provide
lcl)calization for Ci,, and Ble = b5 blog : blfl"}'v[}. If so,
bl = 1; otherwise, 0%, = 0. These variables satisfy the
following constraint:

M

> it

m=1

:Momne{laQa"'aN}' (19)

Yl¢ € Wl¢ are the indicator variables, which indicate
whether the localization signal of C,, occupies the k-th sub-

channel, and W\¢ = [{)% % o] If C, occupies

the k-th sub-channel for localization, the correspondmg binary

indicator variables 1?2 = 1; otherwise, l‘;,i = 0. These
variables are constrained as follows:
Zvﬂ“ e {0,1}, (20)

which indicates that the localization signals can occupy at most
one sub-channel.

Then, the SINR of the localization signal at the U,,, € U}{’C
associated with C,, can be expressed as:

m bloc . o/yloc

loc In nm nk p
nm

2
nmk to

21

I'°c . denotes the interference from the communication signals
and other localization signals to the considered localization
signal between C,, and U,,. Similarly, 1! , also consists of
two components, expressed as:

N
com com m loc loc
Y+ E g P U

l1=1,l#n

loc
nmk - Z g

Here, the former term represents the interference caused by
communication signals, while the latter term corresponds to
the interference induced by the other localization signals.

Building upon the analyses in this section and Section
III-C, the mutual interference caused by sub-channel allocation
impacts pseudorange measurements variance, while UAV as-
sociation for anchor selection and UAV deployment influence
the channel gain and geometry matrix. These factors jointly
determine the system communication and localization perfor-
mance. Therefore, joint optimization of sub-channel allocation,
UAV association, and UAV deployment is necessary to provide
efficient communication and reliable localization services.

(22)

B. Problem Formulation

In this paper, we aim to maximize the average system
throughput by jointly optimizing the UAV association and sub-
channel allocation for communication and localization, and
UAV deployment, while ensuring the localization accuracy.
The optimization problem is formulated as follows

max R,

(23)
Ax.om Blm \I/u)m \I/lou P



s.t. C1: 6, <6,
M
C2: ) agmed{01},
m=1
M
C3: ) b, = N,
m=1
K
Ca: Y it e {01},
k=1
K
Cs: e e{0,1},
k=1
Ce: rlr‘t’fn > rtlﬁc,
C7: 7™ > g™,
C8: Ny > 3,
C9: Pe RMX2; Lmin S xfn S Tmax; Ymin S yﬁl S Ymax;
C10:  asom, by, v, vk € {0,13,

Vne{1,2,..,N}.

In problem P, constraint C1 ensures that the localization
accuracy, jointly determined by sub-channel allocation, UAV
association and deployment, remains below the predefined
threshold, thereby guaranteeing reliable localization service.
C2 and C3 specify the communication and localization associ-
ation constraints, respectively, i.e., each user is associated with
at most one UAV for communication and exactly Ny, UAVs
for localization. C4 and CS5 indicate that both communication
signal and localization signal can occupy only one sub-channel
for transmission. Constraints C6 and C7 respectively ensure
that the SINR of localization signals and communication
signals received at the UAV's must meet or exceed a predefined
threshold, thereby guaranteeing reliable demodulation and
successful decoding. C8 guarantees that each user is associated
with at least three UAV anchors for localization to satisfy
the fundamental geometric requirement. The constraint C9
specifies that the optimized UAV coordinates are defined in
the two-dimensional Cartesian space and constrained within
the feasible deployment region bounded by Zmin, Tmaxs Ymins
and Yy ax. Finally, C10 defines the binary restrictions of the
decision variables.

Due to the strong coupling among sub-channel allocation,
UAV association and deployment in both the objective and
constraints, as well as the binary variables aSom, blo¢ = 1)9m,
and 9%, problem P is a MINNLP. These variables jointly
affect the throughput objective and constraints C1-C10 on
localization accuracy, association, sub-channel allocation, and
communication and localization SINR, making the problem
difficult to solve by conventional mathematical methods. To
obtain a satisfactory high quality solution, we propose an
alternating iterative optimization method and decompose the
original problem into two subproblems: UAV association and
sub-channel allocation (subproblem 1), and UAV deployment
optimization (subproblem 2). The detailed method is provided
in Section V.

Input: Environmental information,
algorithm parameters and maximum
iterations lyay

Initialize UAV deployment P, user
association, and sub-channel
allocation strategy my

‘ Initialize RIP™ « —oo ‘

‘ Set iteration index | = 0 ‘

Alternating |Optimization

‘ PSO-JSAO update
1

Obtain optimized association and
sub-channel allocation strategy m"

1
‘ Dueling double DQN-UDO update ‘
1

Obtain optimized UAV deployment P"**

Update [ « [ +1

Output: g™max, pmax

Fig. 4. The framework of the CAIO method

V. OPTIMIZATION METHOD

In this section, we propose a collaborative alternating itera-
tive optimization (CAIO) method that integrates PSO and du-
eling double DQN to jointly optimize sub-channel allocation,
UAV association, and deployment, thereby both enhancing
average system throughput and ensuring localization accu-
racy. The CAIO method operates via an iterative mechanism
comprising two complementary methods: a particle swarm
optimization-based joint spectrum and UAV association (PSO-
JSAO) method, and a dueling double DQN-based UAV de-
ployment optimization (dueling double DQN-UDO) method.
The PSO-JSAO method addresses the discrete optimization of
sub-channel allocation and UAV association by constructing
a utility function with penalty factors, maximizing average
system throughput while ensuring localization accuracy under
fixed UAV deployment. Building upon this, the dueling double
DQN-UDO method uses the PSO-JSAO output as its initial
state and leverages a difference-based reward function to guide
UAV deployment optimization. Through alternating iterative
updates, these two methods collaboratively optimize sub-
channel allocation, UAV association, and UAV deployment,
ensuring efficient communication and reliable localization.
The overall framework of the proposed CAIO method is
illustrated in Fig. 4.

A. CAIO Method

In the CAIO method, each outer iteration performs one
PSO-JSAO update and one dueling double DQN-UDO update,
which enables timely coordination, avoids over-optimization
of outdated intermediate variables, and balances solution qual-
ity with computational complexity. At the beginning, the UAV
association, sub-channel allocation for both communication
and localization and UAV positions Py are initialized. During
each outer iteration, given the current UAV positions Py,
the PSO-JSAO method is executed to obtain the optimized
UAV association and sub-channel allocation solution m}"#%,



Algorithm 1 CAIO Method
Input: Maximum number of outer iterations l;,,x, parameters
of PSO-JSAO and dueling double DQN-UDO.
Qutput: Optimized sub-channel allocation, association solu-
tion 7™2* and UAV positions P™2*.
1: Randomly initialize UAV positions Py.
2: Initialize R™{ <~ —oo.
3: forl =0,1,...
4

7lmax —1do
: Obtain ;"% by Algorithm 2 under P; and calculate
Ry

W

4% and Py.
max and

Obtain P}"®* by Algorithm 3 under 7
6: Calculate R;"®* from (41) and (42) under
Pmax
Update 7% ¢ 7% and P™#* ¢
P« P
: if > 0 and |R™ —
10: break
11: return 7™%* and P™&*,

max
pmax,

R™¥| < p then

and the corresponding initial reward RY is then calculated.
Subsequently, dueling double DQN-UDO is employed to
optimize UAV deployment under 7}"®*, thereby obtaining
the optimized UAV positions P;"**. This alternating iterative
process continues until the convergence criterion is satisfied,
at which point the final sub-channel, UAV association and
deployment solution is obtained.

B. PSO-JSAO Method

In this section, we propose the PSO-JSAO method for
joint sub-channel allocation and UAV association in both
the communication and localization domains. By leveraging
PSO, the method efficiently explores the solution space and
achieves a balance between convergence speed and solution
quality, thereby maximizing the average system throughput
while ensuring localization accuracy.

PSO is a population-based optimization method inspired by
the foraging behavior of bird flocks and fish schools. In PSO,
each candidate solution is represented as a particle, and all
particles collectively form a swarm.

We define the position of the ¢-th particle at PSO iteration
L as:

X;, = {X}f"‘) Xf{a>,xfjs),x<j>}, ie{1,2,...

(24)
where X\, Xx® X and X represent the com-
munication UAV association, localization UAV association,
communication sub-channel allocation and localization sub-
channel allocation, respectively 2, Nparticles 18 the number of

particles. Specifically,

X = 2l 2l ), 2 e (1,2, M),
(25)
{wlL ’mép?)v o S\I;ae)}

2For notational consistency, the superscripts (ca), (pa), (cs), and (ps) denote
the variable categories, while the subscripts 7 and ¢ denote the particle index
and the PSO iteration index, respectively.

5 Nparticles } )

(pa)

2P = (o0 2% et 2P e (1,2, M)

W#xé’f’uw €1, Nihj # 7 (26)

X = {28 2l 2Oy e e (1,2, K} @)
{xlpi)7 2[)2)7 o x]\[;bb)}’ ’glpi) €{1a2>"' aK}'

(28)

Accordingly, the velocity of the i-th particle at iteration ¢
is defined as:

Vi, = {VS0 Ve v vy (29)

1,L ) 1,0 1,0 )

Based on the current position and velocity, each particle
in the swarm updates its position at the next iteration. The
velocity update formula is given by:

Vi7L+1 = WVi,L+CI€1 (Xi,pbest,L

- Xi,L)+62£2 (ngest,b -
(30)
where X phest,. and Xgpest,, denote the personal-best position
of the i-th particle and the global-best position of the swarm
at iteration ¢, respectively. w denotes the inertia weight, c;
and co represent the cognitive and social learning factors,
respectively, which control the influence of the particle’s
own best experience and the swarm’s global best position.
&1,& ~ U(0,1) are uniformly distributed random variables,
introduced to enhance the stochasticity of the algorithm and
help avoid premature convergence to local optima.
According to the updated velocity, we get the position of
the particles at the next iteration:

Xi,L+1 = Chp( I_Xi,L + Vi,LJ) . (31)

where || is the floor function, ensuring that each element in
the particle is discrete. And the clip(-) is the clipping function,
preventing the particle from exceeding the bounds.
According to problem P, the optimization objective of this
paper is to maximize the average system throughput while
ensuring localization accuracy. Based on this objective, we
design the fitness function of the PSO algorithm as follows:

F(Xi,L) = U(Xi,L) + F(Xi,L)7 (32)

where U(X;,) = R is the utility function value of the i-th
particle, which is positively correlated with the average sys-
tem throughput. And I'(X;,) represents the penalty function,
which is given by

N
Z 1(8, > 6,) = 0+ Inpos, (33)

where 7 is a penalty coefficient, and I,p,s denotes the number
of users whose localization accuracy requirements are not
satisfied.

The pseudocode of the PSO-JSAO method is provided
in Algorithm 2. Initially, Npagicles particles are randomly
generated, where each particle is characterized by position and
velocity vectors consisting of four discrete components that

Xi7b) ’



Algorithm 2 PSO-JSAO

Input: Current UAV positions P;, numbers of UAVs M, users
N, sub-channels K, localization UAVs Njq, particles Nparicless
and PSO iterations NVj.

Output: Optimized sub-channel allocation and UAV associa-
tion solution 7",

C e Niarticles
1: Randomly initialize the swarm {X; o, V; 0},25"

2: Initialize X; ppes,0 < X0 for all particles and Xgpest,0
from the best particle in the PSO swarm.
3: for t=0,1,..., Ny — 1 do

4 for each particle X; , do

5 Calculate fitness value F'(X;,).

6: if F(XZ,L) > F(Xi,pbest,L) then

7 Xi,pbest,L—Q—l <~ Xz’,L

8 else

9: Xi,pbest,b+1 — Xi,pbest,b

10: if FI(X; pbest,i+1) > F(Xgbest,,) then
11 ngest,L+1 — Xi,pbest,L+1

12: else

13: ngest,LJrl <~ ngest,L

14: Update V; ,11 and X; 41 using (30) and (31).

15: Tr;nax — ngest,Ni,
16: return ;"%

jointly encode UAV associations and sub-channel allocations
for communication and localization. The fitness value of each
particle is then calculated. At each iteration, the velocity
of each particle is updated according to its personal best
position and the global best position. The particle’s position
is subsequently adjusted using the updated velocity, and its
fitness value is re-evaluated. The personal best and global
best values are updated accordingly. This iterative process
continues until the maximum number of iterations is reached.
Finally, the method outputs the optimized UAV association
and sub-channel allocation solution for both communication
and localization under fixed UAV deployment.

Dueling Double DQN-UDO
Sub-channel allocation and
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Fig. 5. The dueling double DQN-UDO method.

C. Dueling double DON-UDO Method

In this section, we propose a UAV deployment method based
on dueling double DQN to maximize the objective of problem
P. The adopted dueling double DQN combines the advan-
tages of dueling DQN and double DQN. Specifically, dueling
DQN decomposes the Q-function into the state-value function
V(S) and the advantage function A(S, A), improving state-
value discrimination and learning efficiency [6]. Meanwhile,
double DQN mitigates Q-value overestimation through a dual-
network architecture, enhancing the stability and accuracy of
policy learning [6]. Therefore, the proposed method not only
overcomes the local optima limitations of PSO but also signif-
icantly improves sample efficiency and policy generalization.
As a result, it facilitates more robust and adaptive deployment
of UAVs, thereby enhancing both average system throughput
and localization accuracy for ground users.

Firstly, we demonstrate the design and definition of the state,
action, and reward of the dueling double DQN.

State Space (S): The state space consists of all feasible
UAV position vectors, and the current state is defined as

Sy = [p1(1),pa(t), -

where p,,,(t) is the position of U, at step t.

Action Space (A): The action space is defined to determine
both the UAV to be adjusted and its movement direction.
At each step, the agent selects one UAV and determines the
movement direction of this selected UAV, while the positions
of the other UAVs remain unchanged. Therefore, the action at
step ¢ is denoted by

Pas(t)]; (34)

A = (mm Ot)a (35)

where m; € {1,2,..., M} denotes the index of the selected
UAV, and o; € {0,1,...,0} determines the movement direc-
tion. Accordingly, the action space can be expressed as

A={(m,0) |me{1,2,....,M}, o€ {0,1,...,0}}. (36)

For the selected U,,,, its horizontal position is updated as

: p
W (1) = clip (acmt (t) + A cos Got) , 04 #0, 37)
¢ xh, (1), o =0,
lip (y?, (t) + Asinf,,. ), ,
(1) = { P W () Asindo ), o020, )
yfnt (t)v Oy =

where A denotes the UAV movement step size, 6,, is the hor-
izontal movement direction of the selected UAV. Specifically,

2 (Ot — 1)
boo =05

where o, € {1,2,...,0}, and o; = 0 indicates that the
selected UAV remains stationary. The clip(+) operation projects

the updated coordinate onto the feasible deployment region.
For any U,,, with m # my, its position remains unchanged,

(39)

Pm(t+ 1) =pm(t), m#my. (40)



Reward (R): The reward represents the feedback received
by the agent upon taking a specific action in the current
environment. To effectively translate the optimization objective
into the reward expression, the following considerations are
taken into account:

1) In problem P, localization accuracy is imposed as a
strict constraint. Therefore, to ensure that the localiza-
tion requirements of users are satisfied, the reward func-
tion should be designed to exhibit a negative correlation
with the number of users that violate the localization
accuracy threshold.

2) Since the primary objective of the optimization is to
maximize the average system throughput, the reward
should exhibit a positive correlation with the average
system throughput when the localization accuracy con-
straints for all users are satisfied.

3) To improve the learning efficiency and accelerate the
convergence of the dueling double DQN algorithm,
the reward function is normalized within a predefined
bounded range.

4) Given that the DRL-based UAV position optimization
is performed based on the initial solution obtained from
PSO, the reward should also incorporate the performance
baseline provided by the PSO solution.

Taking into account the constraints and optimization goals
discussed in 1), 2), and 3), we formulate the following
piecewise-defined reward function to guide the learning pro-
cess effectively.

1
T4e0 R oo =0
R = rInpOS7 1 S Inpos S 47 (41)
-1, otherwise.

Let rp,... € {r1,72,73,74} denote the reward coefficients
corresponding to different values of I, respectively. ¥ and
w are the scaling and offset coefficients, respectively, which
control its slope and shift. Based on the above considerations
and taking into account case 4), we design the final reward
function as:

R = tanh (R* — R"), (42)

where R° represents the initial reward, which is obtained from
the solution provided by the current PSO-JSAO and the current
position, calculated according to equation (41). And tanh(-)
is used to restrict the reward value within the range [—1, 1].

In dueling double DQN, the Q-network is divided into two
parts:

Q(Sta At7 07057/6) :V(Sta 976) + A(Stht; 9, Oé)

1 .. (43)
A > A(Sy,d50,0).
a’eA
Here, V(S:0,8) denotes the value function and

A(St, A4;0,a) denotes the advantage function, 6 is the
network parameters of the layers before the output layer,
and « and [ are the parameters of the two streams of
fully-connected layers.

At each step, the agent obtains the current network state
from the environment, denoted as S;. Then the agent selects
the current action corresponding to the e-greedy strategy,
which is expressed as:

4, - | Argmaxaea Q(St, a0, a, ),
"~ ) random action, with probability e.
(44)

Then A; is applied to the UAV-assisted ISAC network,
resulting in R; and Sy;1, and the tuple (S, Az, Ry, S¢t1) is
subsequently stored in the experience replay buffer D. Once D
accumulates sufficient experiences, the agent randomly selects

a batch of samples to compute the target Q-value:

Yt = RH"YQ <St+1a arg H,leaﬁ Q(St-‘rla CL/; 97 @, ﬁ)a 9/7 O/a ﬁ) .
(45)

where (9', al, 5') denote the parameters of the target network
and v is the discount factor. The loss function of dueling
double DQN is defined as:

£(6,08) = B(s, a mesien |0 — Q(Si Arif, 0, B))°)
(46)

Moreover, network parameters 6, «, S are updated period-
ically after a certain number of deployments. Given that the
neural network parameters 6, «, [ are randomly initialized, it
is essential to encourage sufficient exploration of the action

Algorithm 3 Dueling double DQN-UDO
Input: Current solution 7;"**, UAV positions P, at iteration /,
initial reward R?, number of episodes and steps £ P, STEP,
replay buffer capacity D, ax, batch size IVy, and target-network
update frequency N,.
Output: Optimized UAV positions P}**,
1: Initialize Q-network with (0, «, ) and the target Q-
network with (8", a/, 8").
2: Set (0,0, ") + (0, , ), global_step + 0, and replay
buffer D.

3: Initialize P < Py, R « RY.

4: forep=1,2,...,EP do

5: Reset state S; based on P;.

6: fort=1,2,...,STEP do

7: Select action A; by the e-greedy policy.

8: Execute A;, obtain next state S;y1, and calculate
the reward R; by (42).

9: Store <St7 At, Rt, St+1> in D.

10: if global_step > D,.x then

11: Sample a mini-batch from D and update
(0, c, B).

12: if global_step modN,, = 0 then

13: (8/’0/’5/) — (H,Oc,ﬁ).

14: St ¢ Siy1, global_step < global_step +1.

15: if R; > R"* then

16: R +— R; and update P;"**.

17: return P8,

with probability 1 — ¢,



during the initial training phase. To this end, we adjust the
exploration rate across episodes to achieve a balance between
exploration and exploitation:

episode
500

where episode denotes the current training episode.

The pseudocode of dueling double DQN-UDO method is
presented in Algorithm 3. Firstly, the dueling double DQN-
UDO initializes the Q-network and target Q-network param-
eters and other parameters. Then, the initial reward RY is
calculated based on the current UAV positions as well as the
given sub-channel allocation and UAV association solution.
For each episode, the UAV environment is reset based on the
initial positions. During each step of an episode, Q-values
for all possible actions are obtained from the Q-network, and
an e-greedy strategy is applied to determine the movement
directions of the UAVs. The average system throughput and
localization accuracy are then evaluated under the current
UAV deployment, and a corresponding reward R is computed.
The resulting experience tuple, consisting of the current state,
action, reward, and next state, is stored in the replay buffer.
Once sufficient data has been collected, mini-batches are
sampled from the buffer to update the Q-network parameters,
and the target network is periodically synchronized. Upon
completion of all training iterations, the final state is decoded
into UAV coordinates, and the optimized UAV deployment is
derived.

Remark 1: CAIO combines the global search capability
of heuristic optimization with the dynamic decision-making
ability of DRL, and iteratively converges to a stable suboptimal
solution since the objective value is non-decreasing and upper
bounded by finite system resources [43]. This design mitigates
the dimensionality explosion and slow convergence issues
of multi-agent reinforcement learning and other single-stage
methods.

Remark 2: The proposed method shows strong potential
for practical deployment in emergency rescue scenarios. UAV
swarms serve as supplementary devices to replace damaged
ground BSs, enabling efficient communication and localiza-
tion. To reduce time and energy costs, an offline training and
online deployment strategy is used. Additionally, by utilizing
fixed-wing UAVs with greater endurance and deploying the al-
gorithm on the energy-rich head UAV, task execution time and
service stability are significantly improved. DRL demonstrates
adaptability in complex environments, while the ToA method’s
simplicity and efficiency have led to its widespread real-
world use. Overall, the method offers high adaptability, low
energy consumption, and reduced deployment costs, making
it promising for emergency rescue scenarios.

e = max{0.01, (1 — )} 47)

D. Complexity Analysis

1) Time Complexity: For the PSO-JSAO method, the time
complexity is O(Nparices X Ni¢). For the dueling double DQN-
UDO method, the time complexity is O((EP x STEP) x
N, x F(0)), where O represents all learnable parameters of
the dueling double DQN, and F'(©) denotes the floating point

TABLE III
KEY SIMULATION PARAMETERS
Parameters Value
Deployment region of UAVs and users (600 m, 600 m]
The initial altitude of the UAVs 60 m
Number of sub-channels K [6,50]
Frequency f 2 GHz
Number of localization UAVs per user Njoc 3,45
Power of c0mrnurcl(l)[cmatl(irjlC and localization 1W,01 W
p,Pp
Bandwidth B 100 kHz
Channel parameters a, b 9.61, 0.16 [37]
Attenuation factors oS, ;;NLoS 1, 20 [37]
localization RMSE and accuracy €, / d, 1m/1.6 m[29]
UAV step size A 10 m
SINR threshold r§™™, rlﬁc 3 dB [37]
Maximum number of outer iterations lmax 10, 0.001

and stopping threshold o
PSO parameters Nj, Npmiclcs, w, C1, C2,

100, 200, 0.6, 1.5, 1.5, 2

max

Penalty coefficient 7 —10Y
The replay buffer capacity Dmax 50000

Batch size Ny 256
Learning rate 0.0001

Discount factor v 0.9

Numbers of episodes and steps £ P,
B P 700, 200
Number of UAVs movement directions O 4

0.4, -0.6, -0.8, -0.9
—2.4812 x 1076, 5.8123

Reward coefficients 71,172,173, 74
Scaling and offset coefficients of reward ¥,

w
Front-end bandvgdth and DLL coefficient 200 kHz [35], 0.2 [36]
fe> ADLL
hidden layer [128, 64]
Optimizer of DRL Adam optimizer
Activation function of DRL ReLU

operations required for a single forward pass of the dueling
double DQN. Therefore, the overall time complexity of the
CAIO method can be expressed as O (lyax X (Nie X Nparticles +
EP x STEP x N, x F(0))).

2) Space Complexity: For the PSO-JSAO method, the space
complexity is O(Nparicies X V). For the dueling double DQN-
UDO method, the space complexity is O(©) + O(Dpax X
(IS]+ A +1)) % O(8) + O(Danas X |S]) = O(O + Dipes M),
Therefore, the overall space complexity of the CAIO method
is O(Nparticles X N 4+ © + Doy x M).

VI. SIMULATION RESULTS
A. Simulation Settings

We conduct simulation studies for the proposed algorithm
on a Debian-based computer equipped with a 5.70 GHz Intel
19 CPU, 64 GB of RAM, and an NVIDIA GeForce RTX
4090 D GPU with 24 GB of VRAM. The code is publicly
available at [44]. The simulation parameters are summarized
in Table III. In particular, the SINR threshold r{™ = rl¢ =
3 dB, while the RMSE and localization accuracy thresholds
are set to 1 and 1.6, respectively. The reward coefficients
rg = —04,r9 = —0.6,r3 = —0.8,74, = —0.9, and the
learning rate is 10~*. For the PSO, w = 0.6, ¢; = ¢y = 1.5,
and V&Y = Vi) = Vi) = Vi) = Viae = 2. The adopted
neural network consists of two hidden layers with 128 and 64
hidden units, respectively, using ReLU activation and Adam



optimization. Different network scales with varying numbers
of UAVs and users are considered to validate the robustness
and stability of the proposed algorithm, namely Scenario 1,
Scenario 2, Scenario 3 and Scenario 4, corresponding to user-
UAV configurations of [8,12], [12,15], [18,22] and [60, 30],
respectively. For Scenario 4, B = 200 kHz is used for easier
observation, while for all other scenarios B = 100 kHz.
The number of sub-channels varies between 6 and 50, with
different ranges used for each scenario in the result figures
to aid analysis. The initial positions of the UAVs are located
within a 600 m x 600 m area, with an initial altitude of 60
m unless otherwise specified. Each UAV moves horizontally
according to the selected action with a fixed step size of
A =10 m, and any updated position outside the deployment
region is clipped to the nearest feasible boundary point.

For the sake of brevity in the figure legend, dueling double
DQN is denoted as tDQN in the figure. To validate the
effectiveness of the proposed method, we compare it with the
following baselines:

e To evaluate PSO-JSAO, DE and ant colony optimiza-
tion (ACO) are used as baselines for sub-channel allo-
cation and UAV association, while tDQN is used for
UAV deployment optimization. The resulting methods
are denoted as PSO-tDQN, DE-tDQN, and ACO-tDQN,
respectively.

o To assess the effectiveness of UAV deployment, a PSO-
based method and multi-agent DQN (MADQN) are em-
ployed as the benchmarks, in which PSO and DQN
are utilized for sub-channel allocation, UAV association
and UAV deployment, respectively. These methods are
denoted as PSO-SAD and MADQN-CAIO in the result
figures.

o To demonstrate the generality of the proposed method, we
further extend the CAIO to include altitude optimization,
referred to as 3D-CAIO, with altitude ranging from 30 m
to 100 m. We design the action space > and height out-
of-bounds penalty # to guide the learning process.

B. Fairness of Baseline Hyperparameter Settings

To ensure fairness, we further compare the baselines un-
der the same network settings with multiple hyperparameter
groups. The results in Fig. 6a and Fig. 6b show that CAIO and
PSO still achieve the best performance. The best-performing
settings are adopted in the subsequent experiments, and the
detailed parameter groups are provided in Appendix B.

C. Convergence of the Proposed Method

We investigate the convergence behavior of the CAIO over
200k training steps. The four curves in Fig. 7 correspond
to the cases of N = 3,K = 14 in Scenario 1 (red),
Nioe = 3, K = 21 in Scenario 2 (blue), N, = 3, K = 28

3Redefine o; € {0,1,...,0,0 + 1,0 + 2}, o1 = 0 indicates that the
selected UAV remains stationary; o¢ € {1,2,...,0} indicates horizontal
movement with azimuth angle 6,, = 2m(o¢ — 1)/O; oy = O + 1 and
ot = O+ 2 indicate upward and downward vertical movements, respectively.

4In (41), I}, is defined as the number of UAVs exceeding the height limit.
If I}, # 0, then R* = —1Ij,.

Parameters
aroupo
groupl

Average System Throughput / bit-s~!
Average System Throughput / bit:s™!

0.51 mmm group2 0.51 mmm group2
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. groups . groups
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CAIO MADQN-CAIO PSO DE ACO
CAIO vs. MADQN-CAIO PSO vs. Baselines
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Fig. 6. Fairness evaluation of baseline hyperparameter settings. (a) CAIO and
MADQN-CAIO under different parameter groups. (b) PSO, DE, and ACO
under different parameter groups.
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Fig. 7. Convergence performance of the CAIO. (a) Loss. (b) Reward.

in Scenario 3 (yellow), and Ny, = 3, K = 50 in Scenario
4 (green). As shown in Fig. 7, the Q-network loss decreases
rapidly within the first 50k steps, while the reward increases
steadily and converges around 100k steps, indicating fast
policy learning, stable value estimation, and high sample
efficiency of CAIO. We further record the memory usage,
training time, and inference time for each network scenario,
with the corresponding results summarized in Table IV, where
the reported inference time is the total time measured over 100
episodes. As the network scale and the number of sub-channels
increases, training time, inference time and memory usage
grow accordingly, which is consistent with the complexity
analysis in Section V-D. Notably, Scenario 4 considers a large-
scale network with 60 users and 30 UAVs. As shown in Fig.
7 and Table IV, CAIO still converges stably in large-scale
network settings, demonstrating the scalability of the proposed
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sub-channel settings. (b) Performance under different alternation schedules
between PSO-JSAO and tDQN-UDO.

Note: Schedule 1 denotes one PSO-JSAO update and one tDQN-UDO
update (used in CAIO); Schedule 2 denotes two PSO-JSAO updates and one
tDQN-UDO update; Schedule 3 denotes one PSO-JSAO update and two
tDQN-UDO updates; Schedule 4 denotes two tDQN-UDO updates and one
PSO-JSAO update; Schedule 5 denotes one tDQN-UDO update and two
PSO-JSAO updates.

TABLE IV
MEMORY USAGE, TRAINING TIME AND INFERENCE TIME (100 EPISODES)
UNDER DIFFERENT PARAMETER CONFIGURATIONS.

Traini
Network Nioe, K Memory usage r?mmg Infteirrrfgce
PSO DRL 1me
Scenario 1 3, 14) 7.44 MB 19.19 MB  204.56 s 7494 s
Scenario 2 (3, 21) 8.75 MB 23,78 MB  226.72 s 110.10 s
Scenario 3 (3, 28) 11.16 MB 3449 MB  451.69 s 170.79 s
Scenario 4 (3, 50) 2691 MB 46.74 MB 1202.5 s 58227 s
method.

D. Communication Performance Analysis

In this section, we present simulation results to demonstrate
the communication performance of the proposed method. Fig.
8a shows the performance of the average system throughput
with the number of outer iterations under different values
of the sub-channel number K. Under the fixed alternation
schedule (one PSO-JSAO update followed by one dueling
double DQN-UDO update), we can observe that the average
system throughput increases rapidly in the early iterations

and then gradually stabilizes, confirming that the proposed
alternating process converges to a stable suboptimal solution.
Moreover, the converged throughput increases with the number
of sub-channels, since a larger K offers more spectrum re-
sources and allocation flexibility, thereby reducing interference
and improving communication performance. Fig. 8b compares
alternation schedules with different update frequencies and
execution orders of PSO-JSAO and dueling double DQN-
UDO. The proposed CAIO method adopts the Schedule 1 (one
PSO-JSAO update and one tDQN-UDO update). It can be seen
that all schedules converge to stable solutions and the Schedule
1 achieves the best final throughput. This is because a single
update of each method can already provide a stable suboptimal
solution, whereas more frequent updates may cause over-
optimization on outdated intermediate variables. In addition,
executing PSO-JSAO before dueling double DQN-UDO first
optimizes key variables, including sub-channel allocation and
UAV association, providing a reliable basis for subsequent
UAV deployment optimization and improving overall perfor-
mance. In total, in Scenario 2, the CAIO achieves maximum
average system throughput gains of 82.20%, with average
gains of 16.90% for N, = 4.

Fig. 9 shows the average system throughput of the CAIO
method under different network scenarios and sub-channel
numbers. Blue circles, orange triangles, and green squares
correspond to scenarios with Ny, = 3,4, 5, respectively. Since
localization accuracy is a strict constraint, throughput results
are omitted when the accuracy requirement is not satisfied.
Across all scenarios and N, throughput increases with
the number of sub-channels, as more sub-channels provide
additional network resources and improve communication per-
formance under the localization constraint. And the throughput
curve for Vi, = 5 saturates earlier than those for Vi, = 3 and
Nioe = 4, demonstrating that higher anchor density improves
resource utilization and accelerates saturation. Moreover, in
Scenario 4, the performance slightly decreases due to the
larger network scale, as fewer average resources are available
per node under the same number of sub-channels. Multiple
experiments with different random seeds were also conducted,
and the resulting variations remain within a reasonable range,
confirming the reliability and stability of the results. Across
the four network scenarios, compared with N, = 3 and
Nie = 4, Nio,c = 5 achieves average throughput gains of
58.19%, 35.41%, 62.94%, 719.6% and 14.88%, 7.09%, 16.77%,

3.0

F Nge=3 i3
- < 275 @ T 16 2
Las z z2s ] Noe? 7
- 5250 3 By 4] 7F Nee=5 + T
z 3 3 3 L AE
5 5 5 5 v
220 2225 220 212 g
5 ES £} ES
g 8 2.00 g H /
4 2 2 210
£15 IS . E1s E T/z/i
£ £175 s £ £ ¥ +
1o ] ¥ 1.4 g 508 A =
2 2 L s 2 3 R & T =V L
& @ 1.50 . @ 1.0 @ ¥ et
o P o 0.6 i JE S
s T ) 3 e
£ 05 T €125 A e s e
00d L 1.00{ 1 L
0.2
8 9 10 11 12 13 14 15 1a 15 16 17 18 19 20 21 22 23 24 25 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 23 24 25 26 27 28 29 30 31 32 33 34 35

The Number of Sub-channels The Number of Sub-channels

(a) (b)

The Number of Sub-channels The Number of Sub-channels

(c) (d)
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Fig. 12. The average system throughput performance under different envi-
ronments and heights.

44.9%, respectively. Relative to Nioe = 3, Njoe = 4 yields
gains of 35.47%, 23.86%, 37.36%, 64.9%.

Fig. 10 shows the average system throughput in network
Scenario 2 under PSO-tDQN, DE-tDQN, and ACO-tDQN with
tDQN-UDO for UAV deployment, where throughput values
not meeting the localization accuracy constraint are set to zero.
PSO-tDQN consistently outperforms the baselines, exhibiting
strong throughput growth under limited sub-channels and rapid

convergence as resources increase. This is because PSO pre-
serves high-quality feasible UAV association and sub-channel
allocation solutions through personal-best and global-best
guidance, while balancing exploration and exploitation via its
inertia and learning terms. DE-tDQN and ACO-tDQN under-
perform in low-resource regions, particularly for N, = 3 and
4, where limited sub-channels hinder satisfying localization
requirements. With sufficient resources, all methods meet the
constraints, but PSO-tDQN achieves the highest throughput,
improving over DE-tDQN and ACO-tDQN by 69.57% and
67.72% at Nioc = 3, 43.23% and 50.41% at Ni,. = 4, and
70.14% and 86.79% at Nj,c = 5, respectively, highlighting
its superior balance between communication performance and
localization accuracy.

Fig. 11 compares average system throughput between CAIO
(solid lines), 3D-CAIO (dashed lines), MADQN-CAIO (dotted
lines) and the PSO-SAD (dashed-dotted lines) under varying
numbers of sub-channels and N, in Scenario 2. We can
observe that CAIO and 3D-CAIO consistently outperform
MADQN and PSO-SAD for Ny, = 3,4,5, with the perfor-
mance gap most pronounced under limited sub-channels or
fewer localization nodes, demonstrating the effectiveness of
jointly optimizing resource allocation, UAV association, and
deployment. Meanwhile, it also illustrates the applicability of
the proposed method across multiple optimization dimensions,
demonstrating that the proposed method is highly general and
adaptable. We then observe that the performance of MADQN
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is slightly lower than that of CAIO, suggesting that the in-
creased complexity of multi-agent interactions may introduce
additional non-stationarity and slow down convergence under
the considered settings. Regarding the CAIO and 3D-CAIO, as
shown in the figure, when the number of sub-channels is small,
indicating limited network resources, 3D-CAIO achieves better
performance, demonstrating that 3D optimization is more
effective in utilizing the available resources and enhancing
system performance under resource constraints. Overall, aver-
aged over Nio. = 3,4,5, CAIO outperforms MADQN-CAIO
and PSO-SAD by 10.69% and 49.19%, respectively. 3D-CAIO
outperforms CAIO by 6.17% for N, = 3,4, 5.

Fig. 12 shows the variation of average system throughput of
CAIO under different environments and heights, where darker
colors represent higher throughput and better communication
performance. It is evident that in all three environments, as
the height increases, the average system throughput decreases,
indicating that the effect of altitude on channel gain has
a greater impact than the LoS probability, resulting in a
reduction in communication performance. In different en-
vironmental scenarios, the system throughput in urban and
suburban areas is lower compared to rural areas, primarily
due to NLoS propagation caused by buildings and obstacles.
Therefore, system throughput is influenced by both altitude
and environmental factors.

E. Localization Performance Analysis

This section evaluates the localization performance of the
proposed method using the percentage of users failing to

meet the localization accuracy requirement. Fig. 13 shows this
metric across four network scenarios with varying numbers of
localization UAVs (Vo = 3,4, 5) and sub-channels. For clar-
ity, x-axis values corresponding to full compliance are omitted.
Overall, the percentage of unsatisfied users decreases markedly
as the number of sub-channels increases, highlighting the
importance of resource availability for localization perfor-
mance. Specifically, in Scenario 1 (Fig. 13a), high localization
accuracy is achieved even with few sub-channels, owing to the
sufficient resource availability. In Scenario 2 and Scenario 3
(Fig. 13b and Fig. 13c), the percentage of unsatisfied users
is higher, and performance differences among different Ny,
become more pronounced, indicating that increasing the num-
ber of localization anchors effectively improves localization
accuracy in resource-constrained or dense user environments.
In Scenario 4 (Fig. 13d), the percentage of unsatisfied users
significantly increases due to the limited network resources.
Overall, in resource-limited or complex scenarios, CAIO
significantly enhances localization performance through joint
optimization of sub-channel allocation, UAV association and
deployment. Additionally, simulations with various random
seeds were performed to highlight the robustness and relia-
bility of the proposed method in localization performance.

Fig. 14 shows the localization performance of the proposed
method and baselines under different numbers of sub-channels
for Ny = 3,4,5. For Nj,. = 3, many users cannot satisfy
the localization requirement when the number of sub-channels
is small. As K increases, the number of unsatisfied users
decreases steadily and reaches zero. Notably, for N, = 5,
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high localization accuracy is maintained even with limited
sub-channels, and PSO-tDQN consistently outperforms DE-
tDQN and ACO-tDQN. Overall, PSO-tDQN achieves up to
25% improvement in the percentage of users satisfying the lo-
calization constraint, with average gains of 8.3% and 12.82%,
confirming its effectiveness in sub-channel allocation and UAV
association under different environments.

Fig. 15 shows the relationship between the average local-
ization accuracy and the UAV clock synchronization error
STD. The results show that the UAV clock synchronization
errors directly deteriorate the ToA-based localization accuracy,
but the impact of clock synchronization errors is limited.
Meanwhile, increasing the available spectrum resources, cor-
responding to a larger K, can partially mitigate the adverse
impact of clock synchronization errors. This is because more
sub-channels help reduce co-channel interference and enhance
the quality of ToA measurements, thereby improving the
localization accuracy. Therefore, clock synchronization errors
are neglected to simplify the model and focus on the joint
optimization of spectrum allocation, UAV association, and
UAV deployment.

Fig. 16 shows the relationship between the number of sub-

channels and the average localization accuracy for three dif-
ferent settings: Nioc = 3,4, 5. As the number of sub-channels
increases, the average localization accuracy improves, not
merely the percentage of users failing to meet the localization
requirement. The average localization accuracy stabilizes when
K > 12 and exhibits a trend consistent with the previous
simulation results.

VII. CONCLUSION

This paper investigated joint spectrum, UAV association,
and deployment optimization in a UAV swarm-assisted ISAC
network for emergency rescue, aiming to maximize system
average throughput while ensuring localization accuracy. A
UAV swarm-assisted integrated communication and localiza-
tion method was proposed, along with a joint optimization
model decomposed into two subproblems. The PSO-JSAO
method optimized sub-channel allocation and UAV associa-
tion, while tDQN-UDO further optimized UAV deployment.
The joint iterative CAIO method alternately solved the sub-
problems to enhance both communication and localization
performance.

Simulation results demonstrate that PSO-tDQN achieves an
average throughput gain of 64.64% over DE-tDQN and ACO-
tDQN, and that increasing the number of localization anchors
substantially improves throughput. Additionally, the proposed
method increases the proportion of users meeting localization
accuracy requirements by up to 25%. Overall, the proposed
method effectively balances communication performance and
localization accuracy, providing reliable support for efficient
emergency rescue operations. In the future, we will consider
dynamic scenarios (such as mobile users) and UAV energy
consumption, to further enhance the method’s adaptability
and robustness, enabling better deployment in real-world en-
vironments. In addition, inter-cluster spectrum sharing will be
explored to enhance system performance in dense scenarios
such as smart logistics and smart city applications.
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