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Optimal Resource Allocation for Successful Task Transmission

Probability Maximization in UAV Swarm Networks
Zhuojia Yang, Wei Su, Bin Yang, Yudong Ma, Yihua Peng, Qi Liu, Tarik Taleb

Abstract—Unmanned aerial vehicle (UAV) swarm networks
(USNTs) are a crucial component of the emerging low-altitude
intelligent networks. For supporting low-altitude economic activ-
ities, this paper explores successful task transmission probability
(STP) maximization, while maintaining the performance fairness
of each UAV swarm for USNTs with resource limitations (e.g.,
frequency, power). Towards this goal, this paper formulates STP
maximization and its fairness as a nonlinear non-convex opti-
mization problem. To solve the complex optimization problem,
we first propose an adaptive frequency block sharing algorithm
to determine whether different-sized UAV swarms use the same
frequency blocks or not, providing an efficient initial solution for
inter-swarm resource allocation. Then we develop a double deep
Q-network-based algorithm for inter-swarm resource allocation
to guarantee fairness among swarms. Based on the inter-swarm
allocation results, we propose a genetic algorithm-based method
for intra-swarm resource allocation to achieve the STP max-
imization, which ensures reliable transmission of high-priority
tasks. Extensive simulation results are presented to validate the
efficiency of our proposed algorithms, and also to illustrate the
impact of system parameters on STP and fairness.

Index Terms—UAV networks, resource allocation, successful
task transmission probability, fairness, deep reinforcement learn-
ing.

I. INTRODUCTION

Unmanned aerial vehicle (UAV) swarm networks (USNTs)
are a key component of low-altitude intelligent networks
(LAINs), which have many distinctive features like flexible
deployment, high mobility and low cost [1]–[3]. In particular,
UAV swarms can cooperate with each other to efficiently
perform complex tasks for supporting various applications
of Internet of Things (IoT) such as smart traffic, environ-
mental monitoring, emergency rescue, etc. USNTs have re-
ceived extensive attention from both industrial and academic
communities [4]. For supporting various IoT applications, a
fundamental issue is how to optimize resource (e.g., frequency,
power) allocations to ensure reliability and fairness of task
transmissions in USNTs with resource limitation.

Studies on resource allocation in UAV networks mainly
focus on scenarios without UAV swarms [5]–[14] and UAV
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swarm scenarios [15]–[36]. For the scenarios without UAV
swarms, UAVs usually serve as aerial users or base stations
(BS). These works optimize the UAV deployment, UAV tra-
jectory and allocation of spectrum and power resources to
improve system performance in terms of throughput, energy
consumption and efficiency, delay and cost using traditional
optimization methods [5], [6], [8]–[12] and machine learning
(ML) methods [7], [13], [14]. For the UAV swarm scenarios,
the works focus on single-swarm [15]–[26] and multi-swarm
scenarios [27]–[36], improving throughput [15]–[18], [36],
energy efficiency [19]–[21], resilience [33], [34], fairness [31],
system performance [25]–[28], [30], [32], and minimizing
delay [22]–[24], [29] through heuristic methods, deep rein-
forcement learning (DRL) and multi-agent DRL (MADRL).

It is notable that the works on UAV swarms illustrate
that system performance can be improved through proper
resource allocations. We compare existing UAV swarm works
on spectrum sharing, heterogeneity, fairness and priority, as
shown in Table I. However, several critical challenges have
not been well addressed so far. First, in the scenarios with
limited resources and a large number of UAVs, the severe
interference among UAVs will significantly degrade system
performance. For example, in emergency scenarios, due to
limited resources, spectrum sharing is required, which may
lead to interference as multiple UAVs perform tasks such
as search in the same area. Efficient resource allocation and
sharing strategy mitigates interference, ensuring successful
rescue task performance. Second, the inherent heterogeneity
of UAV swarms further constrains the adaptability of con-
ventional single-network resource allocation schemes within
multi-swarm network environments. Swarms performing di-
verse rescue tasks (e.g. sensing, communication relays) exhibit
variations in the number and distribution of UAVs, making it
difficult to achieve optimal network performance applying the
conventional resource allocation method across multiple het-
erogeneous UAV swarms. Third, the lack of explicit consider-
ation of task transmission reliability and network fairness can
lead to unstable service quality and degraded overall system
performance. Transmission reliability ensures that critical data
is delivered without loss or delay, while fairness guarantees
all UAVs can perform their tasks effectively. Additionally,
in emergency scenarios, tasks such as search and rescue,
medical aid, and disaster relief operations hold varying levels
of importance. Therefore, the task priority should be taken into
account to ensure the efficient mission execution.

Therefore, this paper investigates a resource allocation
method for USNTs that effectively addresses these challenges.
In particular, UAV swarms are configured to cooperatively
share spectrum resources while reducing mutual interference
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TABLE I
COMPARISON WITH EXISTING WORKS.

Work Multi-
swarm

Inter-
swarm

spectrum
sharing

Hetero-
geneity

Fairness Priority Optimization Objective Solution Method

[15], [18], [24],
[26] ✓ ✓

Throughput, task loss rate,
delay, energy consumption

and fairness

MADRL and traditional
methods

[16], [17], [22],
[23], [25] ✓

Throughput, delay and
long-term rewards

Reinforcement learning
and traditional methods

[19]–[21] ✓ Energy consumption MADRL and traditional
methods

[27] ✓ ✓ ✓ ✓
Age of information and

consumption MADRL

[28] ✓ ✓
Performance and security of

communication
Multi-object
optimization

[29], [34] ✓
Task execution time [29] and

resilience [34]
MADRL [29], heuristic

method [34]

[30] ✓ ✓ ✓ ✓
Data aggregation and

offloading rate

Multi-agent
reinforcement learning

(MARL)

[31], [33], [35] ✓ ✓
Trade-off for data packets

[31], resilience [33] and cost
[35]

Traditional method
[31], heuristic method

[33], MADRL [35]
[32] ✓ ✓ Coverage rate and time DRL
[36] ✓ ✓ ✓ Transmission success rate [36] Traditional method [36]

This work ✓ ✓ ✓ ✓ ✓
Successful task transmission

probability (STP)
DRL and heuristic

methods

as much as possible, thereby mitigating the challenges of
limited resources and severe interference. Then, inter-swarm
and intra-swarm resources are allocated according to swarm
size, structure, and task priority, taking heterogeneity and
differentiated task requirements into account to enhance the
adaptability of the resource allocation. Moreover, the success-
ful task transmission probability (STP) and inter-swarm utility
variance are introduced to evaluate task reliability and network
fairness, respectively, and are jointly optimized to enhance
overall system performance. The main contribution of this
paper is summarized as follows.

• We consider a USNT consisting of multiple UAV swarms.
We formulate the intra-swarm and inter-swarm resource
allocations as two nonlinear nonconvex optimization
problems. To solve these problems, we first propose
an adaptive frequency block sharing (AFBS) algorithm,
which provides a simple and effective mechanism to
determine whether different-sized UAV swarms use the
same frequency blocks (FBs) or not in the resource-
limited USNT, and also serves as an initialization step for
the subsequent optimization algorithms. Through math-
ematical analysis, we establish the necessary conditions
to achieve interference-free operation for shared FBs. We
further design an optimized graph coloring algorithm that
accounts for the heterogeneity of UAV swarms to facil-
itate inter-swarm frequency sharing, thereby improving
the STP under limited network resources.

• We then develop a frequency resource allocation method
based on double deep Q-network (DDQN) for the inter-
swarm resource allocation problem, aiming to achieve
dynamic decision-making in inter-swarm resource al-
location. Specifically, we design a reward mechanism

based on the differences in swarm utility functions to
guide the learning process, enabling the control center
to perform centralized resource allocation based on the
utility function results reported by swarm head nodes.
For the discrete and highly combinatorial intra-swarm
resource allocation problem, we also propose a power
control and sub-channel selection method based on a
genetic algorithm (GA), maximizing the STP of high-
priority tasks by modeling a utility function that takes
task priority into account.

• Finally, simulation experiments are conducted to eval-
uate the proposed algorithms. The experimental results
demonstrate that the overall STP under the proposed
algorithms outperforms that under the baseline algorithm,
ensuring reliable transmission for high-priority tasks,
and achieving superior fairness in inter-swarm resource
allocation.

The rest of the paper is organized as follows. Section II
provides an overview of the related work. In Section III,
the system model is presented, followed by the problem
formulation in Section IV. Section V details our proposed
resource allocation method for USNTs. The numerical results
are discussed in Section VI. Finally, Section VII concludes
this paper, highlighting the key findings.

II. RELATED WORK

A. Scenarios without UAV Swarms

Several studies focus on improving system throughput [5]–
[7], energy efficiency [8]–[10], minimizing energy consump-
tion [11], [12], time delay [13] and cost [14] by optimizing
UAV deployment [5], [11], [12], [14], power [6], trajectory,
spectrum [7], [8], scheduling [9], [10] and offloading [13]. In
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[5]–[7], the authors jointly optimized UAV deployment [5],
its location, time, quantity, position [6], trajectory, power and
spectrum allocation [7] to maximize system throughput, and
the DRL was introduced in [7] to enhance the adaptability. To
minimize energy consumption, [11] and [12] optimized UAV
altitude, speed and other parameters using heuristic methods.
Similarly, [8]–[10] optimized resource allocation, trajectory
[8], scheduling [10], velocity [9] using traditional methods.
Additionally, [12] minimized the time delay by optimizing
deployment, resource allocation and offloading using DRL,
and [14] minimized cost by optimizing computational cost and
UAV deployment.

In summary, these studies can improve overall system
performance and provide useful insights for UAV swarms.
However, they are insufficient to cope with the challenges
of cooperation, complex interference, and intensified resource
competition in USNTs, and resource allocation in such net-
works requires further investigation.

B. Scenarios with UAV Swarms

The studies on UAV swarm scenarios can be classified into
single-swarm and multi-swarm. For the single-swarm scenar-
ios, several studies focus on improving system throughput
[15]–[18], energy efficiency [19]–[21], reducing delay [22]–
[24] and maximizing system total performance [25], [26] by
optimizing spectrum, power, UAV deployment and related
factors. In [15]–[18], the authors jointly optimized UAV de-
ployment [15], [16], power-beam, spectrum [17] and antenna
parameters [18] to improve system throughput, and the fairness
was also considered in [18]. For the energy consumption,
[20] and [21] minimized energy consumption by optimizing
UAV trajectory [20] and spectrum and computing resources
[21], and [24] minimized task delay and energy consumption
through trajectory, association, and offloading optimization. In
[22] and [23], parameters such as power, spectrum, UAV tra-
jectory [23], offloading decisions, and computation resources
[22] were jointly optimized to minimize delay. In addition,
depending on the definition of the system utility function,
spectrum, user association, power [25], and trajectory [26]
were jointly optimized to maximize long-term utility [25],
[37], and minimize the task loss rate [26].

In multi-swarm scenarios, current studies focus on resource
allocation [27]–[31], deployment [32], resilience and recov-
ery [33], [34], as well as traffic scheduling [35], [36]. For
resource allocation, [27] and [28] aimed to minimize the age
of information and power consumption [27], and improve the
communication performance and security [28] by optimizing
power and spectrum allocation, using multi-agent deep rein-
forcement learning (MADRL) and multi-object optimization,
respectively. [29] optimized scheduling and communication,
sensing and computing resource allocation to reduce execution
time. [30] considered large-scale UAV swarm interference, op-
timized resource and trajectory scheduling, and integrated non-
orthogonal multiple access and MARL to maximize network
data offloading rate. [31] jointly optimized user association and
spectrum allocation to balance the performance of different
data packets. In [32], the authors focus on the deployment

Swarm-Head UAV with Controller

Member UAV

Base Station with Deployed Controller

Intra-Swarm UAV Communication Link

Fig. 1. A USNT system.

of UAV swarms to maximize coverage rate and minimize
coverage time using DRL. Additionally, the resilience of the
swarms is discussed in [33] and [34], where network topology
optimization [33] and unfinished task allocation [34] methods
are proposed to enhance resilience and minimize profit loss
during attacks. [35] optimized the virtual swarm membership
and traffic flow paths to reduce the communication overhead
and cost, and [36] improved the success rate of data packet
transmission by optimizing routing.

In total, the studies on USNTs have primarily focused
on optimizing power, spectrum [27]–[31], scheduling [29],
trajectory [30], deployment [32], network recovery [33], [34]
and routing [35], [36] to improve network performance in
terms of communication [27]–[29], [31], [35], [36], offloading
[30], coverage [32], and recovery [33], [34]. However, these
studies do not jointly account for spectrum sharing, hetero-
geneity, fairness, priority, and task reliability, which are crucial
for enhancing overall system performance and transmission
efficiency. Therefore, it is essential to jointly optimize these
aspects.

III. SYSTEM MODEL

A. Network Model

As shown in Fig. 1, we consider a USNT consisting of C
UAV swarms, where any swarm c ∈ C = {ci|i = 1, 2, · · · , C}.
Each swarm contains a swarm-head UAV equipped with
multiple antennas and Mc member UAVs, each equipped with
a single antenna, which are randomly distributed in the vicinity
of swarm-head UAV. The swarm-head UAV of swarm c is de-
noted as CHc, and the i-th member UAV in swarm c is denoted
as CM i

c , where CM i
c ∈ CMc = {CM1

c , CM
2
c , · · · , CMMc

c },
CMc ∈ CM = {CM1, CM2, · · · , CMC}, and CHc ∈ CH =
{CH1, CH2, · · · , CHC}. Each swarm has a star topology
structure, where CM i

c directly communicates with the CHc.
The main controller is deployed at each BS, with secondary
controllers at the CHc. To achieve load balancing and enhance
network scalability, the main controller interacts exclusively
with CHc to manage external swarm status information and
oversee overall network resources, while secondary controllers
manage resource allocation between CM i

c and the CHc within
each swarm.
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TABLE II
LIST OF MAJOR NOTATIONS

Symbol Description

CM i
c/CMc/CM The i-th member UAV of swarm c / the set of

the member UAVs in swarm c / the set of CMc

CHc/CH
The swarm head UAV of swarm c / the set of
the head UAVs

C/C The number / set of swarms
Mc The number of member UAVs in swarm c
K/K The number / set of sub-channels
Kc/Kc The number / set of sub-channels of swarm c
t/Ls The index / length of the slot
dic The distance between CM i

c and CHc

Gi
c The channel gain between CM i

c and CHc

pi
c / pc The coordinates of CM i

c and CHc

pic The transmit power of CM i
c

ψk
ci/Ψc

The indicator variable for CM i
c occupying the

k-th sub-channel in swarm c / the set of ψk
ci

rkci / ric
The SINR from CM i

c to CHc on k-th sub-
channel / the SINR from CM i

c to CHc

Ikci
The interference of other UAVs to the signal of
CM i

c on the k-th sub-channel
Ri

c The transmission rate between CM i
c and CHc

pjci/P
i
c/Pc

The CM i
c transmits at power level Pj / the set

of power level selection of CM i
c / the set of Pi

c
B The bandwidth of a single sub-channel
Cq The set of swarms using FB Fq

λmc
The indicator variable of transmitting the m-th
task successfully in swarm c

bmc /Bc The m-th task / the set of tasks in swarm c

πm/σm/δm
The priority / data size / delay requirement of
m-th task in swarm c

τm The actual transmission delay for the bmc
Y π
c

The ratio of successfully transmitted tasks to
total tasks with priority π in swarm c.

Fq/fq/F
The q-th FB / the number of sub-channels of the
q-th FB / the set of FBs

µqc
The usage indicator variable of the q-th FB by
swarm c

Assuming the total number of sub-channels in the network
is K, each with bandwidth B, the sub-channels set is denoted
by K = {ki|i = 1, 2, ...,K}, and the sub-channel set of
swarm c is denoted by Kc ⊂ K. It is notable that the non-
orthogonal access is employed for communication between
the member UAVs and head UAV within a swarm, where
each UAV is allowed to occupy at most one sub-channel,
whereas each sub-channel may be simultaneously accessed by
multiple UAVs. Time is divided into slots of length Ls, with
t ∈ T = {1, 2, ..., T} as the time slot index. In our system
model, the CM i

c transmits the collected data to the CHc via
uplink, and then the CHc forwards the aggregated tasks to the
BS for processing. Such a system can be widely applied in
various fields, including disaster rescue, battlefield operations,
and scenarios with limited infrastructure. We focus on resource
allocation among swarms and member UAVs during the uplink
transmission phase. The main symbols used in this paper are
listed in Table II.

Remark 1: The single-point failure is not considered in this
paper. This is because in the scenarios discussed, such as
short-term environmental monitoring, emergency rescue and
small-scale inspection, UAV energy and operational duration
are considered, allowing prompt updating and replacement of
the swarm head before failure to maintain network reliability.

Additionally, for the single point failure of the swarm head
structure, several reselection methods can be employed to
reselect a new head point upon its departure or failure to
ensure reliable task transmission, such as a weighted swarm
head selection method in [38].

B. Intra-Swarm Communication Model

As discussed in [39], the line of sight (LoS) model provides
a good approximation for actual UAV communications. In
the LoS model, the path loss between CM i

c and CHc relies
on the distance and propagation conditions among UAVs.
Specifically, under the LoS model, the channel gain between
UAVs follows the free-space path loss model, and the path
loss between the CM i

c and CHc in swarm c is

PL(dB) = 10 log
pic(t)

pc(t)
= −10 log

[
GtGrλ

2

(4π)2dic
2

]
, (1)

where pic(t) and pc(t) represent the transmit power of CM i
c

and received power of CHc at time t respectively. Gt and Gr

represent the transmit antenna gain and receive antenna gain,
respectively, while dic denotes the distance between CM i

c and
CHc. When the transmission frequency and antenna gains are
fixed, the channel gain between CM i

c and CHc is primarily
determined by the distance, expressed as

Gi
c = β0 · (dic)−α =

β0
(∥pi

c − pc∥2)
α , (2)

where β0 represents the channel power gain at the reference
distance d0 = 1m, α ≥ 2 is the path loss exponent, pi

c and pc

are the coordinates of CM i
c and CHc respectively, and ∥∗∥2

is the L2 norm of ∗.
In intra-swarm UAV communication, the interference for

each CM i
c-CHc pair is caused by the operations of other

UAV pairs sharing the same sub-channels. Let ψk
ci(t) denote

the indicator variable representing the occupancy of k-th sub-
channel by CM i

c in swarm c, where ψk
ci(t) = 1 if k-th sub-

channel is occupied by CM i
c at time slot t; ψk

ci(t) = 0,
otherwise. We allow each UAV to occupy only one sub-
channel, which is ∑

k∈Kc

ψk
ci(t) ≤ 1, (3)

Ψc = {ψk
ci(t)}, k ∈ Kc, c ∈ C. (4)

Accordingly, the signal-to-interference-plus-noise ratio
(SINR) for the CM i

c-CHc pair on k-th sub-channel can be
expressed as

rkci(t) =
Gi

c · ψk
ci(t) · pic(t)

Ikci(t) + σ2
, (5)

where σ2 = N0B is the noise power. Ikci(t) is the interference
power caused by other UAVs on k-th sub-channel to the signal
of CM i

c , which is given by

Ikci(t) =

Mc∑
l=1,l ̸=i

Gl
c · ψk

cl(t) · plc(t). (6)
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Finally, the total SINR from CM i
c to CHc can be calculated

by

ric(t) =

Kc∑
k=1

Gi
c · ψk

ci(t) · pic(t)
Ikci(t) + σ2

. (7)

Then we have that the transmission rate between CM i
c and

CHc is
Ri

c(t) = B log2(1 + ric(t)). (8)

To ensure that the signal can be correctly demodulated at the
receiver, the received SINR should be no less than a threshold
SINRth, i.e.,

ric(t) ≥ SINRth. (9)

In this paper, we adopt discrete transmit power control. The
power level is denoted as {P1, P2, · · · , PJ}. For each CM i

c ,
we define a binary variable pjci(t) to represent the power level,
where j ∈ J = {1, 2, ..., J}. If CM i

c selects power level Pj

for transmission at time slot t, then pjci(t) = 1; otherwise,
pjci(t) = 0. Each UAV selects one power level at time t, i.e.,∑

j∈J
pjci(t) ≤ 1,∀i ∈ {1, 2, · · · ,Mc}. (10)

For the power selection of all member UAVs within swarm
c, we obtain

Pc = {P1
c ,P2

c , · · · ,PMc
c }, (11)

where Pi
c = {p1ci(t), p2ci(t), · · · , pJci(t)} ∈ Pc.

As a result, the transmit power of CM i
c can be expressed

as
pic(t) =

∑
j∈J

[
pjci(t) · Pj

]
. (12)

C. Task Model

The transmission tasks within swarm c at time slot t are
represented by

Bc = {b1c , b2c , ..., bMc
c }, c ∈ C, (13)

where bmc = {πm, σm, δm}, m ∈ {1, 2, · · · ,Mc} denotes the
m-th task in swarm c with priority πm, data size σm and delay
requirement δm, and Π = {π1, π2, · · · , π|Π|}.

Based on the task size and transmission rate, the actual
transmission delay for the bmc is calculated as

τmc = σm
c /R

m
c . (14)

Rm
c is the transmission rate at current time slot. Let λmc

indicate whether a task is successfully transmitted, which is
expressed as

λmc =

{
1, τmc ≤ δm

0, τmc > δm.
(15)

Then, Y π
c is defined as the ratio of the number of success-

fully transmitted tasks with priority π to the total number of
tasks with priority π in swarm c.

Y π
c =

{ ∑
πm

λm
c

|{bmc }πm=π|
, |{bmc }πm=π| ̸= 0

0, others.
(16)

We adopt the following scheduling strategy for UAV trans-
missions: each UAV is allowed to transmit only one task per
time slot, with the transmission starting at the beginning of the
slot. The task must be completed within the same time slot,
after which the inter-UAV resources are reallocated according
to the proposed method. This scheduling method provides the
foundation for designing an online learning algorithm aimed
at optimizing the long-term STP of the multi-UAV network.
By leveraging real-time feedback, the algorithm can adapt to
dynamic network conditions and improve overall performance
across multiple time slots.

IV. PROBLEM FORMULATION

In this section, we first present an intra-swarm optimization
problem and an inter-swarm optimization problem, respec-
tively. Then, we formulate the intra-swarm and inter-swarm
resource allocations as an optimization problem in USNT.

A. Intra-Swarm Resource Allocation

Within the swarm, the utility function serves to provide
optimization guidance for the resource allocation and decision-
making of each UAV. The goal of intra-swarm optimization is
to maximize the STP of high-priority tasks, ensuring network
reliability. Therefore, the intra-swarm utility function, which
is positively correlated with STP, is expressed as:

Uc =

|Π|∑
m=1

wm · Y πm
c . (17)

Here, the constant w
m

represents the weight of the task with
priority πm, and W = [w1, w2, · · · , w|Π|]. Accounting for the
task priorities, the weights satisfy w1 > w2 > · · · > w|Π| and
wm ∈ (0, 1), with

∑
wm = 1.

We define the intra-swarm optimization problem as P1.
The objective is to maximize the STP of the swarm under
a given number of sub-channels by selecting the optimal
transmit power and sub-channels configuration for member
UAVs within the swarm. The problem P1 is formulated as
follows.

P1 : max
Pc,Ψc

Uc (18)

s.t.
∑
k∈Kc

ψk
ci(t) ≤ 1, (18a)

ric(t) ≥ SINRth, (18b)

0 ≤ pic(t) ≤ Pmax, (18c)∑
j∈J

pjci(t) ≤ 1, (18d)

ψk
ci(t), p

j
ci(t), λ

m
c ∈ {0, 1}, (18e)

i,m ∈ Mc, c ∈ C, k ∈ Kc, j ∈ J

where (18a) ensures that each UAV occupies at most one sub-
channel. (18b) specifies the minimum SINR required for the
swarm head UAV to decode received signals indiscriminately.
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(18c) defines the power limitation of UAVs. (18d) ensures that
each UAV selects only one power level, while (18e) imposes
binary restrictions on the decision variables.

B. Inter-Swarm Resource Allocation

In the inter-swarm scenario, all swarms compete for the total
network resources. As the scale of UAVs expands, the average
resources available to each UAV decrease. To enhance resource
efficiency, this paper introduces a cooperative and competitive
framework among swarms, with a primary focus on optimizing
the allocation of effective spectrum resources to each swarm.

We first divide all spectrum resources of the USNT into non-
overlapping FBs, with each FB serving as the spectrum unit
for swarm usage. A FB is defined as a set of continuous sub-
channels, and Fq ⊂ K represents the q-th FB in the network,
which can be expressed by

Fq = {ka, ka+1, · · · , ka+fq−1}, 0 ≤ a ≤ K, (19)

where fq represents the total number of sub-channels in Fq .
It is notable that FBs are non-overlapping and collectively

constitute the spectrum resources of network, which is

Fp ∩ Fq = ∅, p ̸= q,∀p, q ∈ {1, 2, ..., Q}, (20)

F1 ∪ F2 ∪ · · · ∪ FQ = K. (21)

Here, Q represents the total number of FBs. With this in mind,
we use Cq to denote the set of swarms sharing Fq , where
Cq ∈ {C1, C2, · · · , CQ}. Apparently, for swarms sharing the
same FB, their sub-channels satisfy:

Kc = fq, ∀c ∈ Cq. (22)

Then, we use µq
c to indicate the usage of Fq by swarm c,

where µq
c = 1 if swarm c utilizes Fq , and µq

c = 0 otherwise.
This satisfies:

Q∑
q=1

µq
c = 1,∀c ∈ C, (23)

Q∏
q=1

max
c∈C

{µq
c} = 1. (24)

Accordingly, we define U = {U1,U2, · · · ,UC} as the set of
utility functions of all swarms, and Ufq as the utility function
set for swarms sharing Fq , where Ufq ⊂ U .

Furthermore, it is important to note that when different
FBs are shared among swarms, a certain condition has to be
satisfied to avoid mutual interference. The detailed derivation
and explanation will be presented in V, and here we directly
adopt the conclusion, as follows:

∏
ci,cl∈Cq,ci ̸=cl

dcicl ≥ 10
ρ+α(n)

20 ·

√
(PJ)n−1

P1
·dci , ∀q ∈ {1, 2, · · ·Q},

(25)
where n denotes the number of swarms sharing the same FB,
α(n) = 20(n − 2) lg( λ

4π ), dcicl denotes the shortest distance
between CHci and member UAVs in swarm cl, while dci
represents the farthest distance between member UAVs and

the head UAV in swarm ci. This expression implies that
interference can be avoided if the distance between UAVs
exceeds a certain threshold.

As a result, we formulate the inter-swarm resource alloca-
tion problem as P2 as follows:

P2 : min
Pc,Ψc,Kc

E


 1

|Ufq |
∑

U∈Ufq

U − E

 1

|Ufq |
∑

U∈Ufq

U

2
 ,

q ∈ {1, 2, · · ·Q} (26)

s.t. Uc =

|Π|∑
m=1

wm · Y πm
c , (26a)

Q∑
q=1

|Kq| = |K|, (26b)

Fp ∩ Fq = ∅, p ̸= q, ∀p, q ∈ {1, 2, ..., Q},
(26c)

F1 ∪ F2 ∪ · · · ∪ FQ = K, (26d)
Kc = fq, ∀c ∈ Cq, q ∈ {1, 2, · · · , Q}

(26e)
Q∑

q=1

µq
c = 1, c ∈ C, (26f)

Q∏
q=1

max
c∈C

{µq
c} = 1, µq

c ∈ {0, 1}, (26g)

∏
ci,cl∈Cq,
ci ̸=cl

dcicl ≥ 10
ρ+α(n)

20 ·

√
(PJ)n−1

P1
· dci ,

∀q ∈ {1, 2, · · ·Q}, (26h)
Q ≤ C, (26i)
(18a) − (18e).

The optimization objective is to minimize the variance of
the sum of utility functions for swarms sharing the same
FB. The constraint in (26a) represents the utility function of
the swarm. (26b) guarantees that the total number of sub-
channels allocated across all swarms is equal to the overall
available sub-channels. (26c) and (26d) represent FBs that
do not overlap with each other and collectively form the
network spectrum resources. (26e) ensures that swarms sharing
the same FB have an equal number of sub-channels, and
each swarm is restricted to occupying at most one FB, as
stated in (26f). (26g) indicates that each FB is utilized by at
least one swarm. (26h) specifies the condition for multiple
swarms to share the same FB without causing interference.
(26i) is the constraint of FB number. Finally, (18a)-(18e) are
the constraints of intra-swarm resource allocation.

Given the aforementioned, we define the USNT resource
allocation problem as P , comprising two related subproblems.
The optimization objective is to maximize the STP across the
network while ensuring inter-swarm fairness.
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P : max
Pc,Ψc,Kc

C∑
c=1

Uc (27)

s.t. min
Pc,Ψc,Kc

E


 1

|Ufq |
∑

U∈Ufq

U − E

 1

|Ufq |
∑

U∈Ufq

U

2
 ,

q ∈ {1, 2, · · ·Q}, (27a)
(18a) − (18e),
(26a) − (26i),

where (27a) represents the inter-swarm optimization con-
straints, while (18a)-(18e) define the intra-swarm constraints,
and (26a)-(26i) specify the inter-swarm constraints.

V. RESOURCE ALLOCATION METHOD FOR THE UAV
SWARM NETWORK

In this section, we first derive the conditions for inter-swarm
FB sharing and propose the AFBS algorithm, which abstracts
the network model and utilizes an optimized graph color-
ing method to achieve FB sharing among different swarms.
Subsequently, we present a DDQN-based dynamic frequency
block competition algorithm (DDQN-FBCA), which uses DRL
to allocate a specific number of sub-channels for each FB,
enabling dynamic adaptation of sub-channels resources among
different swarms, while ensuring fairness among the swarms.
We further introduce a GA-based multi-prioritization dynamic
resource allocation algorithm (GAP-DRA) for power and sub-
channel allocation within each swarm, with the optimization
goal of maximizing STP. At the same time, the utility function
is calculated to provide reward guidance for DDQN. Finally,
through the aforementioned steps, we achieve resource sharing
under limited network resources, maximizing the STP for a
USNT while ensuring fairness among the swarms. The overall
framework of the USNT resource allocation method is shown
in Fig. 2.

A. Adaptive Frequency Block Sharing Algorithm (AFBS)

In this section, we provide a detailed mathematical deriva-
tion of the conditions for FB sharing. Based on this, we
propose the AFBS algorithm to achieve FB sharing among
swarms, addressing the issue of limited network resources
in the USNT. In Algorithm 1, since the swarm interference
can be modeled as edges in an undirected graph, and FB
sharing among swarms can be represented as assigning the
same color to adjacent nodes, the graph coloring method
is introduced to generate an initial color (or FB) allocation
solution for the swarms. In Algorithm 2, we initially use the
graph coloring method to generate an initial color (or FB)
allocation solution for the swarms. Then, we evaluate whether
the swarms contained within each color in each solution satisfy
condition (32). If not, we add the swarms contained within
that color to the set until condition (32) is satisfied, and
reallocate colors among the swarms in the set to form a new
solution. With the aim of alleviating the impact of inter-swarm
heterogeneity, we further select the one with the minimum
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Fig. 2. Framework for resource allocation in the USNT.

variance of the number of UAVs in each swarm as the optimal
solution among all feasible solutions, and finally obtain the FB
allocation scheme for each swarm. The pseudocode of AFBS
is shown in Algorithm 1.

In AFBS, it is necessary to determine whether the swarms
can use the same FB. Therefore, we will provide a detailed
derivation of the conditions for FB sharing. To illustrate the
conditions for FB sharing, we provide an example in Fig. 3,
which involves two swarms, c1 and c2. The condition for FB
sharing between c1 and c2 is that they do not interfere with
each other. For c1, the signals of c2 are viewed as interference
(green dotted lines in the figure) and the signal of c1 is a useful
signal (red dotted line in the figure). Due to the orthogonal
partitioning of the FB, if both c1 and c2 occupy Fq , there
exists at least one UAV pair, one from each swarm, sharing
the same sub-channel k ∈ Fq .

To avoid interference among UAVs in distinct swarms and
to ensure efficient spectrum utilization, the frequency reuse
methods employed in urban cellular networks are adopted.
Each swarm can be viewed as a microcell in the USNT,
where the swarm head UAV functions as a BS to receive
and transmit signals from member UAVs. We consider a
more general case: Assume that swarms c1, c2, . . . , cn use
the same FB. For swarm head CHc1 , the signals within the
swarm are considered useful signals, while the signals from
other swarms are considered interference. For convenience, we
denote the distance from the farthest UAV within swarm c1
to its swarm head CHc1 as dc1 , and the distance from the
nearest UAV within other swarms to the swarm head CHc1

as dc1cn . To ensure correct demodulation at c1, the received
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Cluster Cluster 

Member UAV

Head UAV

Fig. 3. Two swarms and their UAVs.

power of the useful signal and the interference signal must
satisfy the following condition (the antenna gain is assumed
to be Gt = Gr = 1):

P ′
c1 −

(
P ′
c2 + P ′

c3 + · · ·+ P ′
cn

)
= 10 lg

(
Pc1λ

2

(4π)2d2c1

)
−

n∑
i=2

10 lg

(
Pciλ

2

(4π)2d2c1ci

)
= 10 lg

(
Pc1∏n
i=2 Pci

)
+ 20 lg

(∏n
i=2 dc1ci
dc1

)
+ 20(n− 2) lg(

4π

λ
) ≥ ρ, (28)

where ρ is the interference-free threshold. Since we employ
discrete power control, then

10 lg
P1

Pn−1
J

≤ 10 lg
Pc1∏n
i=2 Pci

≤ 10 lg
PJ

Pn−1
1

. (29)

Let α(n) = 20(n − 2) lg( λ
4π ), and the (28) can be rewritten

as

20 lg

∏n
i=2 dc1ci
dc1

≥ ρ+ α(n) + 10 lg
Pn−1
J

P1
. (30)

Simplifying the above equation, we obtain

n∏
i=2

dc1ci ≥ 10
ρ+α(n)

20 ·

√
(PJ)n−1

P1
· dc1 . (31)

Equation (31) represents the condition for no interference
at c1 when c1, c2, · · · , cn use the same FB. At the same time,
c2, . . . , cn must also satisfy similar conditions to ensure that
the FB is shared by c1, c2, . . . , cn without interference. Based
on the above analysis, we express the condition for n swarms
to share the FB without interference as follows:

n∏
l ̸=i,l=1,2,···n

dcicl ≥ 10
ρ+α(n)

20 ·

√
(PJ)n−1

P1
·dci , ∀i ∈ {1, 2, · · ·n}.

(32)

Algorithm 1 AFBS.
INPUT: Number and location of swarm head UAV and
member UAVs, discrete power P1 and Pj

OUTPUT: FB sharing solution
1: Generate network G = ⟨V,E⟩, V = ∅, E = ∅;
2: For c in C, do:
3: For c′ in C, do:
4: if c and c′ not satisfy (32) and (c, c′) not in E and
c ̸= c′, then

5: add c and c′ to V ;
6: add (c, c′) to E;
7: Execute Algorithm 2, and obtain the FB sharing solution.

Algorithm 2 Optimized Graph Coloring.
INPUT: G = ⟨V,E⟩, number of colors Q, T M = ∅
OUTPUT: Optimal graph coloring solution

1: Calculate all available coloring solutions
O = {O1, O2, . . . }, where Oi = {oi1, oi2, . . . , oiQ},
and oiq = {ck} is a set of c with color q in solution Oi

[40];
2: For Oi in O, do:
3: For oiq in Oi, do:
4: While |oiq| ≥ 3 and (32) is not satisfied, do:
5: place one c from oq into T M;
6: For oiq in T M:
7: Place the colors sequentially and save the

allocation once (32) is satisfied. Repeat the process until
all oiq are allocated, and update Oi accordingly;

8: For Oi in O, do:
9: Calculate VARvalue = 1

Q

∑Q
q=1 Var(|CMk|+ 1),

where ck ∈ oiq;
10: Return the solution Oi which has the minimum VARvalue.

Equation (32) describes the conditions under which n
swarms can share the same FB without interference. Building
upon the previous discussion, we propose the AFBS algorithm,
which first abstracts the network and then allocates FBs using
an optimized graph coloring method that accounts for inter-
swarm differences. The pseudocode for AFBS is presented in
Algorithm 1 and Algorithm 2.

B. DDQN-based Dynamic Frequency Block Competition Al-
gorithm (DDQN-FBCA)

In this section, we propose a DDQN-FBCA for sub-channel
resource allocation across FBs. DDQN [41] enables adaptive
decision-making in dynamic environments by incorporating a
target network and a double update mechanism, effectively re-
ducing the overestimation of Q-values. This method enhances
algorithmic stability and accuracy, making it highly suitable
for addressing complex resource allocation challenges. The
principle of DDQN is shown in Fig. 4.

State (S): The state space is defined as the number of sub-
channels available in different FBs.

S = [f1, f2, · · · , fQ]. (33)
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Fig. 4. DDQN algorithm framework.

Action (A): The action represents the operation performed
by the agent at each time step. In this paper, the action space
is defined as the adjustments made by the agent to the number
of sub-channels allocated to FBs for swarms at each step,
expressed as

A = {Ai}, (34)

where Ai = [ai1, ai2, · · · , aiQ], aiq ∈ {−1, 0, 1}, q ∈
{1, 2, · · · , Q}.

1) In each Ai, only one aiq = 1;
2) The sum of elements in each Ai satisfies

∑
aiq = 0;

3) |A| = A2
Q, where A2

Q denotes the permutation of (Q, 2);
4) For any two actions Ai and Aj (i ̸= j), Ai ̸= Aj ,

ensuring all actions are distinct.

Reward (R): The reward represents the feedback received
by the agent upon executing a specific action in the current
environment.

Typically, the reward is closely associated with the utility
function. To effectively translate the optimization objective
into a reward, the following considerations are incorporated:

1) The primary objective is to maximize the STP. Thus, the
reward function should integrate the intra-swarm utility
function as presented in equation (17);

2) Additionally, fairness in inter-swarm resource allocation
is deemed a critical consideration to enhance the utility
value generated per unit of resource. Consequently, the
reward function is designed to reflect disparities in the
utility functions across different swarms.

3) To address the challenge of reward sparsity and enhance
the stability of DRL, a stepwise structure is introduced
into the reward function.

Therefore, we design the reward of the agent as:

R = g

{
−log

(
E

[
1

|Ufq |
∑

U∈Ufq

U−E

[
1

|Ufq |
∑

U∈Ufq

U

])2]}
.

(35)
where g(x) is a step function designed to ensure that the re-
ward value remains within a certain range, thereby stabilizing
the performance of DDQN. At each time slot, the agent obtains
the current network state, denoted as St, from the network.
Based on the agent parameters ω, the agent identifies the

current action corresponding to the maximum Q-value in the
current Q-network, expressed as:

At = argmax
A′

Q(St, A
′, ω). (36)

Then At is applied to the UAV network, resulting in Rt and
St+1, and the tuple (St, At, Rt, St+1) is subsequently stored
in the experience replay buffer D.

Once D accumulates sufficient experiences, the agent ran-
domly selects samples to compute the target Q-value:

yt = Rt + γ ·Q′(St+1, argmax
A′

Q(St+1, A
′, ω), ω′). (37)

The loss function of DDQN is defined as:

Loss = E
[
(yt −Q(St, At, ω))

2
]
. (38)

As the neural network parameters ω are randomly ini-
tialized, it is crucial to encourage exploration of different
actions during the early training stages. We employ the ϵ-
greedy method for action selection and dynamically update
the exploration rate in each episode to balance exploration
and exploitation:

ξ = 1− 2

π
arctan(episode/40), (39)

where episode denotes the training episodes. To accelerate
the training process and improve its effectiveness, we adopt a
pre-training method, applying the resulting model to a network
with dynamic task arrivals.

The overall flow of DDQN-FBCA is as follows: First,
we execute AFBS (Algorithm 1) to obtain the used FBs in
swarms, using the number of sub-channels contained in each
FB as the state and initializing the DRL network parameters.
During each episode, the DDQN-FBCA initializes the state
space, selects an action, and calculates the reward through
GAP-DRA (see Subsection V-C) to obtain the new state, then
stores the data in the experience replay buffer. Subsequently, a
data batch is randomly sampled, and the Q-network parameters
are updated. After a certain number of steps, the target
Q-network parameters are updated. Finally, the Q-network
parameters are saved and the pre-training is completed. When
tasks dynamically arrive, actions are performed using the
current network parameters, followed by reward calculation.
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If the reward is below a set threshold, the state is reset. The
pseudocode for DDQN-FBCA is presented in Algorithm 3.

Algorithm 3 DDQN-FBCA.
INPUT: EP, replay buffer D and its capacity Dmax, train-
ing batch size Nb, target Q-network update frequency Nu,
task set B, environment parameters and UAVs parame-
ters.

1: Execute Algorithm 1 to obtain the set of swarms sharing
the FBs;

2: Initialize the parameters of the Q-network and the target
Q-network as ω and ω′ respectively, with ω → ω′, and
set global step = 0;

3: For episode = {1, 2, · · · , EP}, do:
4: STEP = 0
5: While STEP ≤ MAX STEP, do:
6: Randomly initialize state space St;
7: Obtain Q-values for all actions from the Q-

network. Use ϵ-greedy method to select At;
8: Get the current FBs resource status, execute the

intra-swarm Algorithm 4 (see Subsection V-C) with the
action At to determine the new state St+1 and the reward
Rt.

9: Store ⟨St, At, Rt, St+1⟩ in D for training;
10: Randomly sample a minibatch of Nb tuples ∼

Unif(D) and update the Q network parameters ω;
11: If global step%Nu = 0:
12: ω → ω′;
13: Update state count;
14: St = St+1;
15: Save the Q-network parameters.
16: For t = {1, 2, · · · }, do:
17: Obtain the current state St and select action A for

tasks arriving at the current time, then calculate St+1 and
Rt.

18: If Rt < Rth:
19: Reset State

C. GA-Based Multi-Prioritization Dynamic Resource Alloca-
tion (GAP-DRA)

In this section, a GA-based intra-swarm power and sub-
channels allocation strategy is proposed. This strategy lever-
ages the efficiency of GA in optimizing complex and nonlinear
resource distributions, enabling the system to adapt to dynamic
conditions and achieve near-optimal solutions. The GA mainly
involves encoding, fitness function design, and the processes
of selection, crossover, and mutation. The detailed design
and description of each of these components are provided as
follows.

1) Encoding: The transmit power and sub-channels selec-
tion of UAVs are both represented using binary encoding. The
encoding for power is defined as

Powerc = {φ11, · · · , φ1n; · · · ;φMc1, · · · , φMcn}, (40)

where ∀φ ∈ Powerc, φ ∈ {0, 1}, n = ⌈log2 J⌉, and ⌈·⌉
denotes the ceiling function. The actual value of the encoding
satisfies

0011001110

0111100111

0111000111

0111001111

Crossover

0011001110

1110001101

Mutation

Fig. 5. Crossover and mutation.

fbin(φi1, · · · , φin) = pic, (41)

where fbin(·) represents the binary-to-decimal mapping. Sim-
ilarly, the encoding for sub-channels selection is defined as
follows:

Subc = {ν11, · · · , ν1fq ; · · · ; νMc1, · · · , νMcfq}, (42)

where |Subc| = Mc × fq , νij denotes the occupancy of the
j-th sub-channel by the CM i

c , and νij ∈ {0, 1}.
Therefore, a chromosome can then be expressed as

ζ = {Powerc, Subc} = {φ11, · · · , φ1n; · · · ;φMc1, · · · , φMcn;

ν11, · · · , ν1fq ; · · · ; νMc1, · · · , νMcfq}.
(43)

2) Fitness Function: We define the fitness function of
swarm c as:

Fc(Powerc, Subc) = Uc + Γ(Powerc), (44)

where Γ is the penalty function. To avoid the UAV power from
exceeding its maximum value during chromosome crossover
and mutation in each generation, the penalty function is
formulated as:
Γ(Powerc) ={
− [fbin(Powerc)− Pmax] , if fbin(Powerc) ≥ Pmax

0, otherwise.
(45)

3) Selection, Crossover and Mutation: The GA employs a
survival-of-the-fittest selection method, where the probability
of an individual being selected to advance to the next gener-
ation is given by:

pi =
Fc,i∑
Fc,i

, i ∈ {1, 2, · · · , Npop}. (46)

Here, Fc,i represents the fitness function of the i-th chro-
mosome, and Npop denotes the population size. To enhance
the global search capability of the algorithm, GA performs
crossover between chromosomes with a probability pc during
each iteration. To prevent the algorithm from converging to
a local optimum, mutations are introduced with a certain
probability, as depicted in Fig. 5.

Based on the above analysis and design, we present GAP-
DRA to optimize the power and sub-channel allocation within
the swarm. First, the population is initialized, and the fitness
is calculated. Then, through selection, crossover, and mutation
operations, the population is iteratively updated. Ultimately,
the optimal power and sub-channel allocation results are
obtained to maximize the STP of high-priority tasks. The
pseudocode for GAP-DRA is shown in Algorithm 4.
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Algorithm 4 GAP-DRA.
INPUT: Population size Npop, number of member UAVs Mc,
number of sub-channels fq , power encoding length n, number
of iterations Nit.
OUTPUT: Power levels and sub-channels allocation solu-
tion.

1: Initialize the population pop = {ζ1, ζ2, · · · , ζNpop
}, |ζ| =

Mc × (n+ fq);
2: For iter = {1, 2, · · · , Nit}, do:
3: For ζi ∈ pop, calculate the fitness function values

{Fc,i}, where i = 1, 2, · · · , Npop;
4: Select Npop chromosomes based on the probability pi

in (46), and form a new population pop1;
5: Perform crossover on pop1 with the probability pc to

generate pop2;
6: For ζi ∈ pop2, apply mutation with a mutation

probability pm, and form population pop3, where i =
1, 2, · · · , Npop;

7: Calculate the fitness function values for both the pop
and pop3, denoted as FParent

c,i and FChild
c,i , respectively,

where i = 1, 2, · · · , Npop;
8: Compare the fitness values between FParent

c,i and
FChild
c,i , and retain the chromosome corresponding to the

higher fitness value to update the pop.

D. Complexity Analysis

1) Time Complexity: For the DDQN-FBCA, the time com-
plexity is O(EP × STEP ×Nb ×F (θ)), where θ represents
all learnable parameters of the DDQN, and F (θ) denotes the
floating point operations required for a single forward pass
of the DDQN. For the GAP-DRA, the time complexity is
O(Nit ×Npop ×Mc × (n+ fq)).

2) Space Complexity: For the DDQN-FBCA, the space
complexity is O(θ) + O(Dmax × (|S| + 1 + 1)) = O(θ) +
O(Dmax×(Q+2)) ≈ O(θ+Dmax×Q). For the GAP-DRA,
the space complexity is O(Npop ×Mc × (n+ fq)).

Remark 2: The proposed algorithm demonstrates strong po-
tential for practical deployment in emergency rescue and post-
disaster communication scenarios. By enabling UAV swarms
to provide efficient and reliable communication services un-
der constrained network resources, the algorithm ensures the
prioritized and reliable transmission of critical data, such
as rescue command and decision information. Additionally,
our proposed algorithm is designed with low computational
overhead, where both the DDQN-FBCA and GAP-DRA algo-
rithms exhibit polynomial time and space complexity, ensuring
computational efficiency and scalability. Moreover, the adop-
tion of a hierarchical management architecture facilitates both
global and local resource optimization, while possible adaptive
swarm head reselection can further enhance system robustness
against single-point failures. Therefore, the proposed algorithm
exhibits high scalability, low coordination overhead, and strong
resilience, making it well-suited for large-scale, resource-
limited, and dynamic operational environments.

VI. SIMULATION RESULTS

A. Simulation Settings

Simulations for USNT resource allocation were conducted
using Python on a computer running Debian, equipped with a
3.20 GHz Intel i9 CPU, 64 GB of RAM, and an NVIDIA
GeForce RTX 4090D GPU with 24 GB of VRAM. The
simulation parameters are detailed in Table III. Three different
network scales are considered, corresponding to swarm-UAV
combinations of [6, 50], [8, 62], and [10, 82]. In order to
clearly illustrate the distribution of different UAVs and their
resource usage, Fig. 6 depicts the two-dimensional distribution
of UAVs, comprising six swarms, with the number of UAVs
and their positions within each swarm randomly distributed.
Dashed lines between swarm head UAVs indicate that these
swarms cannot share the same FB. Task transmissions begin
at each time slot, with decisions made and effective for the
entire slot duration. Each UAV is limited to transmitting one
task per time slot.

B. Performance Analysis

We define STP as the ratio of the number of successfully
transmitted tasks to the total number of tasks in swarm c
over a given period. It represents the performance of network
transmission tasks, which is expressed as follows:

STP =
|Bsucc

c |
|Bc|

, c ∈ C, (47)

where Bsucc
c represents the set of successfully transmitted tasks

in swarm c, and Bc denotes the set of total tasks in swarm c.
As tasks arrive dynamically, |Bsucc

c | and |Bc| mean the total
number of tasks over a period of time.

Then we use the variance of STP across swarms, denoted
as STPV, to represent the fairness of inter-swarm resource
allocation:

STPV =
1

C

C∑
i=1

(
STPi − STP

)2
. (48)

where STP is the average STP of all swarms, and STPi is the
STP of the i-th swarm.

For intra-swarm resource allocation, we adopt particle
swarm optimization (PSO) [42] and simulated annealing (SA)
[43] as baseline algorithms to validate the performance of
GAP-DRA. In addition, multi-agent DQN (MADQN) and pre-
alliance concept from [44] are also introduced into intra-
swarm resource allocation framework (denoted as MADQN
and PAPS, respectively). For the former, each UAV in the
swarm is considered as an individual agent, selecting sub-
channel and power allocation based on the environmental
state and utility function. For the latter, PAPS evaluates the
attraction value of UAVs under various power and sub-channel
combinations to determine the optimal intra-swarm resource
allocation method, and performs joint power and sub-channel
optimization through utility function assessment. To evaluate
the performance of DDQN-FBCA, for inter-swarm resource
allocation, the baseline algorithm employs an equal distri-
bution method, named the equal-partition-based inter-swarm
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FB allocation method (EP-FBA). And the sub-channels are
uniformly allocated across FBs, i.e., f1 = f2 = · · · = fQ. All
simulation results are collected and analyzed after the network
reaches stability.

TABLE III
THE VALUE OF THE SIMULATION PARAMETERS

Parameter Value
UAV altitude range [100 m, 200 m]

The range of UAVs 5 km× 5 km

The number of UAVs 50, 62, 82
The number of swarms 6, 8, 10

K 20, 25, 30

f 2 GHz

N0 −174 dBm/Hz
β0 −60 dB

Pmax 0.3 W, 0.5 W, 0.7 W

SINRth 3 [25]
α 2 [45]
τ 1 s

B 75 kHz

ρ 9 [46]
W [0.5, 0.3, 0.2]

Nit 50

pc 0.7

pm 0.3

Npop 50

Dmax 800

Nb 128

Learning rate 0.001

γ 0.9

Priority number 3

Task size [500 kbit, 1 Mbit]
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Fig. 6. A USNT with six swarms and corresponding UAV distribution.

We first evaluate the convergence of the overall algorithm
GA-DDQN-FBCA, which adopts DDQN-FBCA for inter-
swarm operations and GAP-DRA for intra-swarm operations.
The total number of training steps is set to approximately
120k. Fig. 7 illustrates the variations in the Q-network loss and
rewards of DDQN under the combinations of Pmax = 0.3 W,

Fig. 7. Loss and reward curve.

Pmax = 0.5 W and Pmax = 0.7 W with K = 30. During the
initial 10k steps, both the loss and reward curves exhibit rapid
changes. Around 20k steps, the loss curve stabilizes, and the
reward curve approaches a steady state. After 20k steps, the
reward curve demonstrates minor fluctuations locally, which
can be attributed to the variations caused by state resets in
the DDQN. Based on this analysis, we conclude that GA-
DDQN-FBCA achieves successful convergence during training
and demonstrates the capability to make high-reward decisions
under the given system states. This also indicates that the
proposed algorithm efficiently allocates resources in dynamic
environments.

Table IV presents the training time and inference time of
GA-DDQN-FBCA under different network scenarios and sub-
channel conditions. The training time is the duration from the
algorithm’s start to convergence, while the inference time is
the algorithm’s execution time over 500 steps. The results
indicate that the overall training time and inference time of
the algorithm are reasonable, validating the feasibility of the
algorithm in practical applications. Specifically, Scenario 1
shows the lowest training time and inference time, while
Scenario 3 exhibits the highest values for both training time
and inference time across all sub-channel conditions. Simi-
larly, the training time and inference time also increase as
the sub-channel size increases, with Scenario 3 having the
highest training time and inference time in all cases, which is
consistent with the analysis in Section V-D. This means that
the GA-DDQN-FBCA method demonstrates strong practical
deployment capability and suitability over different conditions.

Fig. 8 presents the performance of AFBS. It can be observed
that, under all parameter settings, AFBS consistently enhances
the algorithm’s performance on STP. This indicates that AFBS
enhances the utilization of network resources through FB
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TABLE IV
THE TRAINING TIME AND INFERENCE TIME OF GA-DDQN-FBCA (Pmax = 0.3, 0.5, 0.7 W).

Network
Scenarios

Training time Inference time
K = 20 K = 25 K = 30 K = 20 K = 25 K = 30

Scenario 1 83.269 s 93.011 s 104.112 s 39.789 s 40.760 s 43.190 s

Scenario 2 89.516 s 98.493 s 127.893 s 53.312 s 57.307 s 58.522 s

Scenario 3 122.493 s 134.104 s 137.205 s 62.340 s 65.423 s 67.073 s
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Different Parameter Settings
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Fig. 8. The STP with different parameters.
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Fig. 9. Optimized graph coloring vs. graph coloring comparison (a) STP. (b)
STPV.

sharing, thereby ensuring the transmission of more tasks by
efficiently allocating resources. Overall, AFBS achieves a
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Fig. 10. DDQN-FBCA vs. EP-FBA under all parameter settings. (a) STP. (b)
STPV.

25.61% improvement in STP.
To demonstrate the effectiveness of the optimized graph

coloring method, Fig. 9 presents a comparison of the average
STP and STPV between the conventional graph coloring
method and the optimized graph coloring method. The results
indicate that the optimized method consistently outperforms
the conventional method across all parameter settings. This
improvement can be attributed to the consideration of inter-
swarm variations in the optimized method, which enables more
efficient FB allocation, leading to higher STP and improved
inter-swarm fairness. Overall, compared with the conventional
method, the optimized graph coloring method improves the
STP by 2.07% and reduces the STPV by 62.45%.

To demonstrate the effectiveness of the inter-swarm algo-
rithm, we present the performance of DDQN-FBCA and EP-
FBA in terms of average STP and STPV as shown in Fig.
10, with intra-swarm operations employing the GAP-DRA
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(a)

(b)
Fig. 11. DDQN-FBCA vs. EP-FBA at different priorities (a) STP. (b) STPV.

TABLE V
PERFORMANCE IMPROVEMENT OF STP UNDER DIFFERENT CONDITIONS.

Parameter P = 0.3 W P = 0.5 W P = 0.7 W

K = 20 5.87% 7.39% 8.33%

K = 25 8.44% 8.77% 8.97%

K = 30 5.79% 6.00% 5.08%

TABLE VI
PERFORMANCE IMPROVEMENT OF STPV UNDER DIFFERENT CONDITIONS.

Parameter P = 0.3 W P = 0.5 W P = 0.7 W

K = 20 90.14% 90.71% 92.36%

K = 25 96.04% 96.19% 96.66%

K = 30 96.60% 96.88% 97.05%

algorithm. It can be observed that DDQN-FBCA consistently
outperforms EP-FBA in both average STP and STPV, demon-
strating its ability to allocate resources effectively by taking
inter-swarm differences into account. Under the same power
level, the average STP of DDQN-FBCA increases with the
number of sub-channels, while under the same sub-channel
conditions, the improvement is less significant, indicating that
sub-channels significantly impact the algorithm by enhancing
network capacity. In Fig. 10b, it can also be observed that with
a larger number of sub-channels, the two algorithms perform
better in ensuring fairness, indicating that, under conditions
of sufficient network resources, the algorithm is more capable
of effectively scheduling network resources. In general, this
method ensures fairness among swarms and contributes to an
improvement in the overall STP, thereby ensuring the reliabil-

ity of task transmission. Specifically, DDQN-FBCA improves
STP by 7.20% and reduces STPV by 94.74% compared to
EP-FBA.

Table V and Table VI summarize the performance improve-
ments in STP and STPV achieved by DDQN-FBCA and EP-
FBA. As shown in Table V, it can be observed that under the
same power conditions, the impact of sub-channels on perfor-
mance improvement is significant. In addition, under the same
power conditions, the best performance improvement occurs
at K = 25, while the minimum performance improvement is
observed at K = 30. This can be attributed to the fact that
when resources are limited (e.g., K = 20, K = 25), DDQN-
FBCA has more flexibility to allocate appropriate resources for
task transmission based on inter-swarm differences. However,
when resources are more abundant (e.g., K = 30), the
EP-FBA can meet the transmission requirements of most
tasks within the network. From Table VI, it can be observed
that under conditions of more abundant resources, DDQN-
FBCA demonstrates better performance in enhancing fairness.
Overall, DDQN-FBCA achieves an average STP improvement
of 7.33% and reduces the STPV by 94.57%.

Fig. 11 compares the average STP and STPV of DDQN-
FBCA and EP-FBA for priority 1, 2, and 3 under different
power levels and numbers of sub-channels. The results illus-
trate that, under priority levels 1, 2, and 3, DDQN-FBCA
consistently outperforms the EP-FBA in both STP and STPV.
Moreover, priority 1 tasks achieve better STP and STPV than
priority 2 and priority 3 tasks, with the STP for priority 1
tasks approaching 1. This indicates that the proposed algorithm
effectively enhances the STP for high-priority tasks while
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Fig. 12. DDQN-FBCA vs. EP-FBA under different network scenarios, K =
30. (a) STP. (b) STPV.

ensuring fairness.
To validate the effectiveness of DDQN-FBCA under dif-

ferent network scenarios, Fig. 12 presents the variations of
STP and STPV for DDQN-FBCA and EP-FBA across three
network scenarios. The results show that DDQN-FBCA con-
sistently achieves significantly higher STP than EP-FBA under
all parameter settings and network scenarios, demonstrating its
advantage in ensuring successful task transmissions. Further-
more, Fig. 12b indicates that although the STPV of DDQN-
FBCA tends to increase sharply as the network scale expands,
its average performance still surpasses that of EP-FBA.

For each of the three groups of parameter settings, Fig. 13
illustrates the variations in the average STP and STPV under
different intra-swarm algorithms (GA, MADQN, PAPS, PSO
and SA) and an inter-swarm algorithm (DDQN-FBCA) across
three priority levels, namely GA-DDQN-FBCA, MADQN-
FBCA, PAPS-DDQN-FBCA, PSO-DDQN-FBCA and SA-
DDQN-FBCA. We can observe that GA consistently outper-
forms the other algorithms in both STP and STPV, confirming
its superior efficiency in enhancing system performance and
task reliability. Under favorable sub-channel conditions, STP
growth slows as power increases due to limited potential for
further improvement. As shown in Fig. 13b, GA also achieves
the best load-balancing performance. Additionally, we observe
that the proposed algorithm outperforms the MADQN algo-
rithm in both STP and STPV. This is because MADQN faces
dimensionality explosion when handling discrete problems,
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Fig. 13. STP and STPV of GA, MADQN, PAPS, PSO and SA under all
parameter settings. (a) STP. (b) STPV.

making it difficult to achieve optimal solutions within a short
time, and its non-stationarity leads to significant performance
fluctuations. The proposed algorithm effectively combines the
advantages of heuristic methods for handling discrete problems
and DRL for addressing dynamic tasks, thereby ensuring
fairness while achieving more reliable task transmission. Over-
all, GA improves average STP by 0.62%, 2.45%, 1.53%,
and 2.01%, and reduces STPV by 23.2%, 40.16%, 37.21%,
and 31.38% compared with MADQN, PAPS, PSO, and SA,
respectively.

Fig. 14 illustrates the variations of STP and STPV for dif-
ferent intra-swarm algorithms under various network scenarios
and transmission powers with the setting of K = 30. The
results show that GA-DDQN-FBCA consistently achieves the
highest STP, indicating that it maintains optimal performance
across different network scenarios and power conditions. In
addition, the STPV results reveal that GA-DDQN-FBCA
exhibits the lowest variability, demonstrating better stability
and robustness under varying network scenarios, whereas the
baselines experience significantly increased fluctuations as the
network scale expands. Furthermore, we also observe that
the proposed algorithm outperforms the MADQN algorithm
under different network scenarios. These results demonstrate
that the combined GA-DDQN framework effectively integrates
the advantages of DRL and GA, ensuring more reliable task
transmission and swarm fairness.

Fig. 15 shows the STP performance of GA, MADQN,
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Fig. 15. The variation of STP with different parameters under K = 30.

PAPS, PSO, and SA under different power levels and priorities
for K = 30. Across all power levels, GA achieves the
highest STP for all tasks, with priority 1 tasks consistently
outperforming lower priorities. Notably, the STP improvement
for priority 3 tasks is more pronounced than for priority 1 and
2 tasks under abundant network resources. This is because,
when network resources are abundant, additional resources can
be allocated to low-priority tasks while still guaranteeing the
transmission requirements of high-priority tasks.

VII. CONCLUSION

In this paper, we investigate resource allocation algorithms
for USNTs, aiming to maximize STP while ensuring inter-
swarm fairness. Motivated by the limited wireless resources
and inter-swarm differences, we propose AFBS, which inte-
grates FB sharing with an optimized graph coloring method.
We then decompose the resource allocation problem into
two sub-problems, presenting optimization expressions for
both sub-problems and the global problem. Based on this,
we propose DDQN-FBCA and GAP-DRA for specific sub-
channel and power allocation. In DDQN-FBCA, we design
an efficient reward function with the goal of inter-swarm
fairness to guide the learning process of the DDQN agent,
effectively allocating sub-channels for FBs among different
swarms. In GAP-DRA, we implement intra-swarm power
level and sub-channel allocation based on GA by designing
intra-swarm utility and fitness functions. Finally, simulation
experiments were conducted to validate the proposed algo-
rithms, demonstrating the effectiveness of the optimized graph
coloring, inter-swarm resource allocation method, and intra-
swarm resource allocation method. Specifically, the AFBS
increases the average STP by 25.61% compared with no-
AFBS, while DDQN-FBCA enhances the average STP by
7.33% and reduces STPV by 94.57% compared with EP-FBA.
Additionally, GAP-DRA effectively ensures the reliable trans-
mission of high-priority tasks. Thus, the proposed algorithms
significantly improve STP, ensure inter-swarm fairness, and
provide a valuable reference for resource allocation in USNTs
in the future.

In the future, an important and challenging research direc-
tion is the swarm head failure issue, which can lead to a
significant degradation or collapse of network performance.
Therefore, we will focus on investigating protection, re-
election, and recovery mechanisms for the swarm head to
enhance the adaptability and robustness of USNTs.
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