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Multidimensional Swarm Flight Approach for
Chasing Unauthorized UAVs Leveraging
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Abstract—This article introduces a novel uncrewed aerial vehi-
cles (UAV) chasing system designed to track and chase unautho-
rized UAVs, significantly enhancing their neutralization effective-
ness. The system utilizes a multidimensional swarm flight strat-
egy, employing deep reinforcement learning (DRL) to dynamically
adapt the tracking unit’s movements based on the received signal
strength indicators emitted by unauthorized UAVs. Asynchronous
learning techniques involving multiple agents are implemented
to expedite the system’s learning process. A key feature of our
approach is the coordinated use of a swarm of UAVs, which circum-
vents the considerable size burden associated with mounting mul-
tiple antennas on a single UAV. We further refine the asynchronous
DRL framework by integrating advanced channel modeling tech-
niques, such as spatial correlation and Doppler shift, to augment the
robustness and adaptability of the system. Performance evaluations
confirm the system’s efficacy under varying channel conditions and
operational scenarios. Key contributions include the integration
of tracking and chasing functionalities into a unified system, the
employment of realistic channel models to enhance system adapt-
ability, and a comprehensive analysis of the relationship between
channel sampling frequency and chasing performance. This re-
search advances the field of UAV regulation and control, offering
an effective solution to the escalating security challenges posed by
unauthorized UAVs.

Index Terms—Anti-UAV, asynchronous learning, multiagent
deep reinforcement learning (DRL), uncrewed aerial vehicle (UAV)
chasing, UAV.

I. INTRODUCTION

A. Background and Motivation

ORIGINALLY developed primarily for military applica-
tions, uncrewed aerial vehicles (UAVs) have expanded

into a wide array of civilian applications, including agriculture,
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environmental monitoring, disaster response, and film produc-
tion [1]. Supported by significant advancements in UAV tech-
nology [2], [3], these developments include miniaturization,
enabling the creation of smaller, more versatile UAVs that are
easily integrated into various daily tasks.

In addition, UAVs increasingly incorporate artificial intelli-
gence (AI) to enhance their autonomy, significantly improving
operational efficiency and reducing the need for human over-
sight. Further advancements in battery technology and propul-
sion systems have extended UAV endurance and range, sup-
porting missions that require longer flight times and greater
distances. These technological improvements have spurred rapid
growth in the UAV market, projected to increase from 26.2
billion USD in 2022 to 38.3 billion USD in 2027, at a compound
annual growth rate of 7.9% [4].

However, the increasing deployment of UAVs across various
sectors raises concerns about security, privacy, and airspace reg-
ulation. Unauthorized UAVs pose risks ranging from accidental
airspace intrusions to deliberate threats such as espionage and
terrorism. To mitigate these risks, robust anti-UAV technolo-
gies are needed to ensure airspace safety and compliance [5].
The development of anti-UAV systems has mainly focused on
identifying [6], [7], detecting [8], [9], [10], [11], and tracking
[12], [13], [14], [15], [16], [17], [18], [19] unauthorized UAVs.
However, most conventional approaches are limited to localizing
unauthorized UAVs rather than actively chasing them to support
efficient neutralization.

B. Problem Statement and Objective

Despite significant progress in UAV tracking technologies,
existing methods generally focus on monitoring unauthorized
UAVs without providing real-time chasing and interception ca-
pabilities. Traditional approaches often suffer from limitations
in dynamic environments where UAVs exhibit unpredictable
motion and evade detection. In particular, traditional feedback-
based control methods such as PID control or optimal control
techniques typically rely on predictable system dynamics or
cooperative control laws, which assume that the target follows
a known motion model or provides feedback. Thus, they are
not suitable for unauthorized UAV chasing systems. This article
addresses these limitations by proposing a novel multidimen-
sional swarm flight approach for actively chasing unauthorized
UAVs, leveraging deep reinforcement learning (DRL). Unlike
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conventional tracking methods, the proposed approach enables
UAVs to pursue unauthorized UAVs in real time, significantly
improving security measures. The primary objectives of this
work are as follows.

1) Achieve real-time pursuit of unauthorized UAVs, beyond
just tracking their locations.

2) Optimize control strategies for coordinated UAV swarms,
ensuring rapid and precise pursuit.

3) Reduce tracking errors and computational complexity by
utilizing asynchronous learning methods.

4) Improve resilience to environmental variations by incor-
porating spatial correlation and Doppler effects into the
control framework.

These objectives collectively enhance the effectiveness of
UAV interception systems, minimizing security threats while
ensuring efficient airspace management.

C. Previous Works

The Federal Aviation Administration recently introduced a
rule known as remote identification, aimed at increasing ac-
countability in UAV operations by requiring UAVs to broadcast
sensitive data, such as their identity [6], [7]. However, this
measure can be circumvented by rogue or unauthorized UAVs.

Detecting unauthorized UAVs is crucial for anti-UAV systems
[8]. Primary detection techniques [9], [10], [11] include the
following:

1) radar systems that analyze radio waves reflected by UAVs;
2) acoustic sensors that identify UAVs based on rotor noise

signatures;
3) visual or image detection methods using cameras and

infrared sensors, often enhanced by deep neural networks.
Tracking involves continuously monitoring the trajectory

of detected UAVs using various technologies such as radar,
acoustic sensors, visual analysis, GPS, and RF signal track-
ing, to maintain precise control over airspace. He et al. [12]
proposed a method combining coherent and noncoherent pro-
cessing to enhance micro-UAV tracking under poor signal-to-
noise ratios. An et al. [13] developed a novel direction-of-
arrival estimator that improves tracking of unresolved scat-
tering centers. Jin et al. [14] examined the effects of lo-
cation errors on radar-based UAV detection and introduced
an adaptive beam control scheme to counteract jamming
inaccuracies.

Significant advancements in UAV tracking include the fol-
lowing.

1) Background-aware correlation filters by Galoogahi et al.
[15] that adjust tracking models according to environmen-
tal changes.

2) Continuous convolution operators by Danelljan et al. [16]
for fine-grained UAV tracking.

3) A learning response interference suppression correlation
filter by Li et al. [17] to enhance consistency and minimize
distractions during UAV tracking.

Li et al. [18] also proposed a computationally efficient track-
ing algorithm validated using fixed-wing UAV video data, and
a general architecture for UAV-to-UAV detection and tracking

within a space-air-ground integrated network was introduced to
provide extensive, cost-effective tracking [19].

Meanwhile, the defense of specific regions, such as bound-
aries or perimeters, has been extensively studied [20], [21],
[22]. These approaches primarily focus on blocking entry rather
than actively pursuing and neutralizing threats. In contrast, our
study adopts an active pursuit approach to enhance interception
efficiency. A pursuit strategy for evaders has been explored in
robotics [23], sharing similarities with our research as it investi-
gates evader pursuit rather than static defense. However, Pierson
et al. [23] limit pursuers to tracking evaders only within their
Voronoi neighborhood, restricting their situational awareness. In
contrast, our study leverages communication signals to track and
pursue unauthorized UAVs beyond local constraints, enabling a
more efficient and adaptable interception strategy.

D. Contributions of This Work

To overcome the limitations of conventional tracking meth-
ods, this article presents a novel UAV swarm-based chasing
system that bridges the gap between passive tracking and ac-
tive interception. Relative to prior multiagent DRL and asyn-
chronous learning works that typically assume vision/full-state
sensing and fixed formations, we explicitly formulate received
signal strength indicator (RSSI)-driven 3-D swarm control with
single-antenna micro-UAVs and learnable swarm geometry.
The key contributions are as follows.

1) From tracking to pursuit: Development of an integrated
tracking-and-chasing system using asynchronous DRL to
actively pursue and intercept unauthorized UAVs, rather
than just estimating their locations. This represents a shift
from passive surveillance to closed-loop interception.

2) Single-antenna swarm with learnablegeometry: Introduc-
tion of a swarm flight strategy leveraging multiple UAVs,
each equipped with a single antenna, to avoid the spatial-
correlation limitations of multiantenna single-airframe
designs. Crucially, we treat the inter-UAV spacing as a
control action that is learned online, enabling geometry
adaptation that mitigates correlation and improves RF-
based localization during the chase.

3) Asynchronous multihead A3C for 3-D control: A new
asynchronous, multihead A3C formulation decomposes
control into four orthogonal policies (d, x, y, z), trained
without replay for stability and low memory pressure. This
decoupling makes the controller lightweight at inference
time and suitable for edge deployment.

4) Channel-aware learning and sampling analysis: Imple-
mentation of realistic RF channel modeling (spatial cor-
relation and Doppler) and a systematic analysis of how
the channel sampling rate interacts with correlation and
swarm geometry to affect steps-to-capture and total time.
This coupling of RF sampling with DRL control has not
been quantified in prior UAV chasing/tracking studies.

5) Comparative evaluation and feasibility: Head-to-head
comparisons against an RSSI-max greedy baseline and
a genie-aided (optimal, brute-force) oracle clarify where
learning helps and how far we are from the ideal
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Fig. 1. Proposed system based on swarm flight using DRL for chasing unau-
thorized UAVs.

bound. We also provide an analytic multiply–accumulate
(MAC)/FLOP count and device-level latency (CPU/GPU)
showing 2.9∼5.5 ms per decision and a compact
model, demonstrating real-time feasibility without vision
pipelines.

6) Empirical robustness: Empirical validation under diverse
channel conditions and operating regimes shows consis-
tent gains in interception reliability and competitiveness
in end-to-end time.

By integrating swarm intelligence with a problem-specific
asynchronous multihead DRL controller and learnable swarm
geometry, the proposed system transforms UAV-based security
operations from passive monitoring into proactive intervention,
while remaining computationally lightweight and deployable in
real time.

E. Article Organization

The rest of this article is organized as follows. Section II de-
scribes the system architecture, including swarm flight method-
ologies and DRL techniques. Section III details the control
framework, emphasizing UAV swarm coordination strategies.
Section IV presents numerical results evaluating the system’s
performance across varying operational conditions. Finally,
Section V concludes this article.

II. SYSTEM MODEL

A. Overall System Architecture

In this article, we introduce a system for chasing unauthorized
UAVs based on swarm flight using DRL. While identifying
unauthorized UAVs is beyond the scope of our work, Section I-C
discusses various methods for UAV identification, such as re-
mote ID systems. In addition, in critical areas such as nuclear
power plants or high-security zones, any UAV entering a prede-
fined restricted airspace can be classified as unauthorized. The
system comprises a controller and a tracking unit consisting of
six compact UAVs, as illustrated in Fig. 1. The swarm structure
of our tracking UAVs is modeled as a rectangular bipyramid to
support 3-D pursuit, where each UAV is positioned at a vertex of

the shape in 3-D space with two UAVs along each of the x-, y-,
and z-axes. Each UAV is denoted as u, 0 ≤ u ≤ 5. At a specific
time t, the center point of the tracking UAVs is denoted as Ot

and its coordinates are (xt, yt, zt). The distance between Ot and
each UAV is represented as dt.

The tracking UAVs intercept communication signals that are
exchanged between an illegal target UAV and its controller that
refers to the entity responsible for operating the unauthorized
UAV. This can typically be a ground control station, a remote
pilot using a handheld transmitter, or a network-based control
system issuing commands through a wireless communication
link. The tracking UAVs then measure RSSI values at a given
sampling frequency F [samples/s]. Subsequently, the RSSI val-
ues are transmitted to the controller through a cellular network
or wireless local area network (WLAN). The controller utilizes
the RSSI values to adjust both the movement of the tracking
UAVs and the spacing between the tracking UAVs.

If the tracking unit is equipped with multiple RF antennas
on a single UAV for system simplicity, the increased spatial
correlation among antennas could lead to reduced diversity in the
RSSI values measured by each antenna [24]. Consequently, the
unit’s ability to accurately predict the direction of the target may
be compromised, impairing chasing performance. Furthermore,
such a configuration might struggle to operate reliably in 3-
D spaces due to challenges in multidimensional arrangement.
Given these considerations, we decided to configure the tracking
unit with multiple compact UAVs, each equipped with a single
RF receiver, accepting increased system complexity as a tradeoff
for enhanced performance and reliability, particularly in 3-D
spaces.

The controller employs a policy-gradient DRL approach,
specifically the asynchronous advantage actor-critic (A3C)
model, to manage the movements of the tracking unit. A3C is
selected for its asynchronous training, which accelerates learn-
ing while eliminating the need for experience replay, making it
computationally efficient for UAVs. Its training paradigm further
reduces memory overhead by operating without experience re-
play. In addition, A3C is more robust to environmental variations
and requires minimal hyperparameter tuning, ensuring stable
performance in dynamic UAV pursuit tasks.

The controller leverages RSSI values from tracking UAVs to
make real-time decisions. Initially, the control unit constructs
the input state St based on these RSSI values. This state is
then processed by policy networks, which stochastically de-
termine the optimal spacing between tracking UAVs and the
unit’s movements along the x-, y-, and z-axes. This approach
enhances tracking precision and improves responsiveness to
dynamic target movements.

B. Channel Model

We posit that an unauthorized UAV communicates with its
controller via a wireless network. For a given distance d be-
tween such an illegal UAV and a tracking UAV, the RSSI value
measured at the tracking UAV is defined as

η(d) = Ptx − L(d) + ξ [dBm]. (1)

Authorized licensed use limited to: AJOU UNIVERSITY. Downloaded on January 21,2026 at 04:47:32 UTC from IEEE Xplore.  Restrictions apply. 



BAN et al.: MULTIDIMENSIONAL SWARM FLIGHT APPROACH FOR CHASING UNAUTHORIZED UAVS 1227

Here, Ptx represents the transmit power utilized by the unau-
thorized UAV for communication, and L(d) is the path loss
corresponding to distance d. The path loss L(d) is further
detailed as

L(d) = L0 + 10n log10

(
d

d0

)
[dB] (2)

whered0,L0, andndenote the reference distance, the path loss at
that reference distance, and the path loss exponent, respectively.
The term ξ in (1) denotes small-scale fading.

We model small-scale fading as Rician, which is appropriate
for air-to-air UAV links where a dominant line-of-sight compo-
nent is typical. The envelope is thus Rician with a K-factor that
qualitatively captures the LOS-to-multipath power ratio. Our
simulator also includes spatial correlation across the swarm and
Doppler dynamics, producing time-varying, correlated RSSI
representative of airborne pursuit. Using six spatially separated
single-antenna UAVs further provides spatial diversity that mit-
igates multipath bias. If operations move to more cluttered
environments, the same framework can reduce the K-factor
toward the Rayleigh case, without changing the controller or
training procedure.

In this article, we thoroughly explore the complex dynamics
of wireless communication channels. Initially, we employ a
correlation matrix framework to quantify the spatial correlation
among antennas mounted on each tracking UAV. Spatial cor-
relation characterizes the interdependence of signal strengths
received at different locations, which primarily arises due to en-
vironmental factors such as terrain and the specific configuration
of antenna deployment [25]. In this context, we define the spatial
correlation matrix C as [26]

C = [cij ]0≤i,j≤5 (3)

where cij represents the correlation coefficient between two
tracking UAVs i and j, defined by

cij =

{
1 if i = j

ρ otherwise.
(4)

Unlike traditional spatial correlation matrices that exhibit
varying correlation coefficients between antenna elements, our
approach maintains a uniform correlation coefficient ρ across
all tracking UAVs. This uniformity stems from the symmetrical
structure of the tracking UAVs, which resemble a square pyra-
mid.

Furthermore, we enhance the realism of our channel model
by accounting for Doppler shift, which affects channel behavior
over time. Doppler shift, represented by fd, is defined as

fd =
v

c
fc (5)

where v, c, and fc denote the relative velocity of tracking UAVs,
the speed of light, and the carrier frequency, respectively [27],
[28].

III. CONTROL FRAMEWORK AND ASYNCHRONOUS TRAINING

USING TRACKING CONTROLLER

A. Forward Pipeline for the Control Framework

As outlined in Section II, this article adopts the A3C model,
leveraging its significant benefits, including asynchronous train-
ing that boosts learning speed and stability through the use
of multiple agents. It combines value-based and policy-based
methods to develop robust policies, effectively manages high-
dimensional state and action spaces with deep neural networks,
and exhibits reduced sensitivity to hyperparameter settings.
These features make the A3C model widely applicable and
efficient across diverse tasks and environments [29].

The controller proposed in this study utilizes the A3C model
as depicted in Fig. 1 and is equipped with four distinct pol-
icy networks. Each of the four policy networks is uniquely
parametrized by θn, specializing in different tracking dimen-
sions where n ∈ {d, x, y, z}. θd adjusts the spacing between the
tracking UAVs, as indicated by dt in Fig. 1, to ensure optimal
positioning for pursuing an unauthorized target. Meanwhile, θx,
θy, and θz manage the movements of the tracking unit along the
x-, y-, and z-axes, respectively, enabling precise maneuverability
in 3-D space.

1) State: The input state St at any given time t is constructed
using the RSSI values collected by each tracking UAV. The
matrix representation of St is defined as

St = [ηiu]0≤i≤L−1, 0≤u≤5 (6)

where ηiu represents the ith RSSI sample measured by the uth
UAV. The variable L indicates the total number of RSSI samples
measured by each UAV within this interval, and the UAV index
u runs from 0 to 5, assuming there are six tracking UAVs in the
tracking unit as depicted in Fig. 1.

Each RSSI sample ηiu is obtained at a sampling frequency F
[samples/s], which determines how often RSSI measurements
are recorded within the given interval. The arrangement of these
RSSI values in matrix is depicted in Fig. 2. This formulation im-
plies that each row in matrix St corresponds to the synchronized
RSSI samples taken by all UAVs at a single sampling instance,
while each column represents a series of RSSI samples from a
single UAV across all sampling instances.

2) Policy and ValueFunctions: As depicted in Fig. 2, input
state St is processed by four separate neural networks, which
consist of long short-term memory (LSTM) layers and fully
connected layers. LSTMs are particularly well-suited for tasks
where understanding the temporal dynamics of input sequences
is crucial. They are capable of learning long-term dependencies
in the data, avoiding the vanishing gradient problem common in
standard recurrent neural networks. Following the LSTM layers,
the final hidden state of the LSTM layers is then passed through
fully connected (dense) layers. Each of these fully connected
layers uses the rectified linear unit activation function.

Each network produces two critical outputs: a policy
π(a|St; θ

n) and a value function V (St; θ
n). The policy output

specifies the probability distribution across possible actions,
directing the agent’s decision making by indicating the most
favorable action based on the current state St. Simultaneously,
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Fig. 2. Architecture of the proposed neural network.

the value output provides an estimation of the expected cumu-
lative reward from taking a specific action in the given state,
thereby informing the agent about potential future benefits. This
design ensures that the agent remains adaptive and responsive
to changes in the environment, enhancing its ability to make
informed decisions that consider both present circumstances and
future possibilities.

3) Actions: An action An
t is stochastically sampled based

on the policy π(a|St; θ
n). This action is drawn from its des-

ignated action space An. Specifically, Ad = {1, 2, 3, 4, 5}[m]
andAx,Ay,Az = {−4,−2, 0, 2, 4}[m]. In the proposed model,
four action spaces are designed to be orthogonal to each other,
underscoring the fact that actions generated by different pol-
icy networks do not interfere with each other. This orthogo-
nality ensures that adjustments in one dimension do not in-
advertently affect the performance in the other dimensions.
As a result, the proposed tracking system can execute com-
plex maneuvers with precision, as the implementation of one
action does not necessitate compensatory adjustments in the
others.

B. Training of the Proposed Model

The tracking controller adjusts the positions of the track-
ing UAVs to carry out a determined set of actions, At =
[Ad

t , A
x
t , A

y
t , A

z
t ]. After implementing these actions, the con-

troller observes the subsequent stateSt+1 and collects associated
rewards,Rt+1 = [Rd

t+1, R
x
t+1, R

y
t+1, R

z
t+1]. Utilizing these ob-

servations and rewards, the controller then computes losses and
updates the parameters of the neural networks to minimize the
losses.

1) Rewards: In this study, we have developed a specialized
reward structure tailored for four distinct neural networks, each
designed to generate orthogonal actions within a multiagent
DRL framework. This unique reward system is critical for align-
ing the learning process with the individual objectives of each

policy network, thereby enhancing the tracking performance of
our UAV chasing system.

For each axis-aligned action An
t where n ∈ {x, y, z}, the

reward Rn
t+1 is computed based on the decrease in the absolute

difference in the corresponding-axis coordinates between the
tracker’s center point and the target UAV. Specifically, the reward
is calculated as

Rn
t+1 = |Ot[n]− U [n]| − |Ot+1[n]− U [n]| (7)

for each n axis coordinate. In addition, the reward for the action
Ad

t is defined as the reduction in the Euclidean distance between
the tracker and the target UAV

Rd
t+1 = |Ot − U | − |Ot+1 − U | (8)

where |Ot − U | denotes the Euclidean distance between the
tracking center point Ot and the target UAV U .

These tailored rewards ensure that the learning outcomes are
directly tied to the effectiveness of the UAV’s tracking ability,
promoting a more efficient and targeted learning process across
different control dimensions.

2) Losses: In this study, the loss function is defined with
three primary components: policy loss, value loss, and an
entropy bonus. These components are strategically com-
bined to optimize the policy and value function networks
across the update interval from t to t+ T − 1. Each neu-
ral network, indexed by n from the set {d, x, y, z} and
parametrized by θn, processes a sequence of T observa-
tions ((St,A

n
t ,R

n
t+1,St+1),. . . ,(St+T−1,A

n
t+T−1,R

n
t+T ,St+T ))

over T time steps starting from time t.
The policy loss Ln

P is formulated to encourage actions that
are expected to yield higher returns. It utilizes the advantage
function, which measures the relative benefit of selected actions
against a baseline expectation. This is accomplished by calculat-
ing the difference between the temporal-difference (TD) target
and the current value estimate. The advantage function at time
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t is defined as

ADVn
t = Gn

t − V (St; θ
n) (9)

where Gn
t represents the TD target at state St, and V (St; θ

n)
is the estimated value of the current state. Typically, Gn

t is
calculated using the value of the subsequent state V (St+1; θ

n)
combined with the immediate reward, but in this study, we
compute it using the discounted sum of future rewards

Gn
t =

T−t+1∑
k=1

γk−1Rn
t+k (10)

where γ is the discount factor, prioritizing immediate rewards
and diminishing the importance of future rewards. If the final
state is terminal, Rn

T+1 = 0; otherwise, Rn
T+1 = V (ST ; θ

n),
indicating the absence of future rewards beyond the terminal
state. This method of calculating Gn

t , which incorporates a
series of future rewards, provides a comprehensive assessment
of potential outcomes, enhancing the robustness and accuracy of
the advantage function. This approach is particularly effective
when T , the length of the trajectory, is long. It allows the system
to account for the extended consequences of actions, ensuring
that the advantage function reflects the cumulative impact over
the entire trajectory.

The policy loss is subsequently calculated as

Ln
P = − 1

T

T−1∑
t=0

log π(An
t | St; θ

n) · ADVn
t . (11)

The value loss Ln
V is crucial for aligning the predictions of the

value function with the actual returns observed. To improve
model stability and accuracy, the value loss is calculated using a
TD approach that directly leverages the next-step value predic-
tions to form a more responsive learning update. Ln

V is defined
using the absolute difference (L1-loss) between the predicted
value at a state and the TD target. This can be mathematically
expressed as

Ln
V =

1

T

T−1∑
t=0

∣∣Rn
t+1 + γV (St+1; θ

n)− V (St; θ
n)
∣∣ (12)

where V (ST ; θ
n) = 0 if ST is a terminal state.

To encourage exploration and prevent premature convergence
to suboptimal policies, an entropy bonus, denoted as Hn, is
incorporated into the loss calculation. This entropy bonus mea-
sures the uncertainty of the policy distribution at each time step
and is calculated as

Hn = − 1

T

T−1∑
t=0

∑
a∈An

π(a|St; θ
n)log π(a|St; θ

n)). (13)

Combining all these components, the total loss over an update
interval T is formulated as

Ln = Ln
P + Ln

V − βHn (14)

where β is an coefficient that adjust the relative importance of
entropy bonus and Hn is subtracted from the loss to promote a
more exploratory and diverse policy behavior.

3) Shared Learning and Asynchronous Update: Based on the
loss formulation in (14), each agent independently computes the
gradients for their local parameters across four neural networks,
denoted as ∇θ = {∇θn|n ∈ d, x, y, z}. These gradients are
then transmitted to a central global agent, which asynchronously
updates the network parameters by incorporating the experi-
ences gathered from all local agents. This shared learning ap-
proach enhances the efficiency of policy and value function esti-
mation by leveraging the collective insights of multiple agents.
Furthermore, the asynchronous update mechanism eliminates
the need for strict synchronization, allowing for more continuous
and scalable training cycles.

The overall architecture and training algorithm for the pro-
posed model are depicted in Fig. 3 and detailed in Algorithm 1,
respectively. This framework integrates N local agents and one
global agent, all operating in a multithreaded or multiprocessor
environment to enable shared learning and asynchronous up-
dates effectively. An additional auxiliary agent is incorporated
to assess intermediate training outcomes periodically. Should
these outcomes meet predefined performance criteria, training
may be terminated early, thereby enhancing the efficiency and
effectiveness of the process.

IV. NUMERICAL RESULTS AND DISCUSSION

In this section, we evaluate the performance of the UAV chas-
ing system, as described in Section III. The analysis considers
various channel sampling frequencies and spatial correlation
coefficients, denoted as F and ρ, respectively. The target UAV
is positioned at a distance of 100 m from the tracking system’s
center and is assumed to be randomly located on the surface
of a sphere with a radius of 100 m, ensuring |O0 − U | =
100 m.

Key parameters related to the channel model, neural
networks, and training processes are detailed in Table I. The
relative velocity of the tracking UAVs is set at 0.1 m/s, while the
frequency emitted by the target UAV is 3 GHz. The resulting
Doppler shift, calculated according to (5), is 1 Hz. In addition,
the minimum distance threshold for successful tracking and
chasing is specified as th in Table I.

Fig. 4 presents examples of small-scale fading in the channels
between each of the six tracking UAVs and a target UAV,
under a Doppler shift condition of fd = 1 Hz. The influence
of channel sampling frequency, F , on the temporal resolution
of the channel’s characteristics is highlighted. As depicted in
Fig. 4(a), a higher sampling frequency (F = 20 Hz) provides
finer resolution, capturing detailed fluctuations in the fading
process. Conversely, a lower sampling frequency (F = 10 Hz)
as shown in Fig. 4(b), results in more pronounced variations
between samples due to longer intervals, which can capture
significant changes but at the cost of longer channel sampling pe-
riods. Furthermore, a low spatial correlation coefficient [ρ = 0.1
in Fig. 4(a)] indicates less correlation among the channel paths,
suggesting a greater diversity in path characteristics. In contrast,
a high spatial correlation coefficient [ρ = 0.9 in Fig. 4(b)] indi-
cates highly correlated channel conditions, likely due to similar
physical or environmental factors.
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Fig. 3. Training architecture using shared learning and asynchronous updates.

The proposed neural networks, denoted as θn, n =
{d, x, y, z}, have been asynchronously trained by eight local
agents, as detailed in Table I. Fig. 5 displays the average rewards
obtained over 100 episodes from these agents, illustrating a pro-
gressive improvement in all networks. Notably, the reward for
θd remains relatively stable and consistently higher compared
to those for θx, θy, and θz . Consistent with standard policy-
gradient theory, A3C is on-policy, and under typical stochastic-
approximation conditions (bounded rewards/gradients, suitably
small step sizes, and entropy regularization), actor–critic updates
are well behaved and converge to a stationary point of the
performance objective [29]. Empirically, Fig. 5 shows steady,
monotonic improvement, and plateauing of the average training
reward across episodes without signs of divergence, supporting
practical convergence.

Direct comparison with prior UAV tracking methods is dif-
ficult because our work introduces a new chasing platform: an
RSSI-driven swarm of multiple UAVs, each with a single RF
antenna, with dynamic inter-UAV spacing and asynchronous
DRL for interception. Most existing works target different tasks
(detection, localization, and vision tracking), use different sen-
sors and action spaces, and optimize different success criteria. To
provide a fair reference point, we implemented two task-aligned
nonlearning baselines in the same simulator, using the same
observations (RSSIs), action spaces, termination criteria, and
episode budgets.

1) RSSI-max greedy: Select the column with the largest
mean RSSI from the L× 6 matrix (columns ordered
[x+, x−, y+, y−, z+, z−]) and move the center one grid

increment along that axis; spacing is kept unchanged
(myopic, snapshot-based).

2) Genie-aided (oracle, idealized): Assumes perfect, instan-
taneous knowledge of the true target and tracker states
and exhaustively evaluates all discrete actions. It then
selects the action that succeeds in one step if possible;
else maximizes the immediate decrease in center-to-target
distance; else minimizes the center displacement. This
oracle is not implementable in real systems and serves
only as an unattainable lower bound on required steps.

The tracking system’s performance was assessed over 10 000
episodes across sampling frequencies F ∈ {10, 20, 50, 100}
and spatial correlation coefficients ρ ∈ {0.1, 0.5, 0.9} using dis-
joint test sets. Figs. 6–8 summarize the results.

Fig. 6(a)–(c) shows the cumulative distribution of movements
required by the proposed policy to reach the 2-m success crite-
rion. Across all settings, success occurs well within 500 move-
ments, indicating robustness. As spatial correlation increases
from ρ = 0.1 to ρ = 0.9, the curves steepen. Lower correlation
(ρ = 0.1) yields less coherent channels and more variable mea-
surements, making disambiguation harder; higher correlation
(ρ = 0.9) simplifies disambiguation and reduces movements.
Sampling frequency shows a similar tradeoff: higherF produces
closely spaced, partly redundant observations, whereas lower
F increases the intersample interval and often provides more
diverse, informative snapshots. Consistent with this, decreasing
F shifts the distributions leftward (fewer movements) for all ρ.

With the baselines overlaid, the proposed policy generally
lies to the left of the RSSI-max greedy tracker for every (F, ρ),
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Algorithm 1: Training Algorithm of the Proposed Model.

indicating a higher probability of finishing within any given
movement budget. The genie-aided oracle appears as the tight
leftmost reference because it chooses the best action with
perfect state access; it is channel-agnostic and uses no RSSI
sampling, so it serves only as an unattainable lower bound on
steps (around a few tens of movements). In short, the proposed
controller stochastically dominates the greedy baseline across

TABLE I
PARAMETERS

ρ ∈ {0.1, 0.5, 0.9} and F ∈ {10, 20, 50, 100}, while the oracle
clarifies the remaining gap to idealized performance.

Fig. 7 reports the 90th percentile movements, highlight-
ing near worst-case behavior. For the proposed controller, re-
quired movements drop sharply as ρ increases: across F ∈
{10, 20, 50, 100} the 90th-percentile count falls from about
42–182 moves at ρ = 0.1 to 44–166 at ρ = 0.5, and further to
26–49 atρ = 0.9. This reflects that more coherent channels make
RSSI-based disambiguation easier. The sampling frequency F
shows the expected tradeoff: lower F generally leads to fewer
movements because successive snapshots are more diverse and
thus more informative, whereas higher F can yield redundant
observations and extra short hops. Modest nonmonotonicity
appears in some regimes (for example, at ρ = 0.1 the 50-Hz
case is worse than 100 Hz) due to stochastic fading, the discrete
action grid, and the learned approximate policy.

Against the baselines, the proposed policy consistently re-
quires fewer movements than RSSI-max greedy across all (F, ρ).
Representative gaps include: at ρ = 0.5, F = 50 Hz, 57 versus
159 moves (−64%); at ρ = 0.9, F = 100 Hz, 49 versus 108
(−55%); and at ρ = 0.1, F = 10 Hz, 42 versus 112 (−63%).
The genie-aided oracle remains near 22 moves for all settings
because it assumes perfect state knowledge and exhaustive
action evaluation; it serves only as an idealized lower bound
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Fig. 4. Examples of small-scale fading of six channels between each tracking
UAV and target UAV when fd = 1Hz. (a)F = 20Hz and ρ = 0.1. (b)F = 10
Hz and ρ = 0.9.

and clarifies the remaining headroom relative to implementable
schemes.

Fig. 8 reports the end-to-end tracking time (channel observa-
tion plus travel) for v = 2 m/s and v = 5 m/s, with bars decom-
posed into observation time (lighter) and travel time (darker).
The total time forM movements at sampling rateF and platform
speed v is

τ(M,F ) = M
L

F
+

M∑
m=1

dm
v

[s]. (15)

Increasing the platform speed from 2 to 5 m/s shortens the
travel component and therefore the total. Varying the sampling
rate F introduces opposing effects: larger F reduces the per-
decision observation cost, while denser measurements may in-
crease the number of movesM(F, ρ) by encouraging short hops.
Consequently, the dependence on F is not strictly monotonic.
At higher spatial correlation (ρ large), a larger F often lowers
the total because observation cost shrinks markedly while M
grows modestly; at lower ρ, a smaller F can be preferable
because each sample carries more information and M remains
small.

Fig. 5. Average training reward when F = 100 Hz and ρ = 0.5.

For v = 2 m/s, the proposed controller shows the expected
tradeoffs across ρ and F . As channels become more coherent
(larger ρ), totals drop substantially (e.g., at F=100 Hz: 326→
315→130 s when ρ goes 0.1→0.5→0.9). The dependence
on F is not monotone because larger F lowers per-decision
observation time but can increase the number of moves, consis-
tent with (15). Representative gaps versus the greedy baseline
show sizable reductions where sampling is costly or channels are
coherent: at ρ=0.1, F=10 Hz, the totals are 247 s (proposed)
versus 586 s (greedy), a ∼58% reduction; at ρ=0.5, F=50 Hz,
they are 168 s versus 263 s (∼36% lower), and atF=20Hz, 170
s versus 361 s (∼53% lower); at ρ=0.9, the proposed method
is lower for all F (e.g., F=100 Hz: 130 s versus 142 s, ∼9%
lower;F=50Hz: 122 s versus 173 s,∼30% lower). By contrast,
at high F and moderate/low ρ, greedy can be competitive or
slightly better (e.g., ρ=0.5, F=100 Hz: 315 s versus 254 s).

For v = 5 m/s, totals drop across the board because the
travel component shrinks, while the same nonmonotoneF effect
remains [again consistent with (15)]. The proposed controller is
competitive or superior in most regimes: at ρ=0.1, it is lower
at F=20, 50, 100 Hz (e.g., 169 s versus 361 s at 20 Hz, ∼53%
lower; 197 s versus 216 s at 50Hz, ∼9% lower; 158 s versus 527
s at 100 Hz, ∼70% lower), and only slightly above greedy at
F=10Hz (191 s versus 184 s). Atρ=0.5, the proposed controller
is lower at F=10, 20, 50 Hz (e.g., 179 s versus 461 s at 10 Hz,
∼61% lower; 117 s versus 299s at 20 Hz, ∼61% lower; 91
s versus 184 s at 50 Hz, ∼51% lower) and essentially tied at
F=100Hz (154 s versus 152 s). At ρ=0.9, the proposed method
dominates across all F (e.g., 62 s versus 85 s at 100 Hz, ∼27%
lower; 69 s versus 121 s at 50 Hz, ∼43% lower; 98 s versus
213 s at 20 Hz, ∼54% lower). Overall, the trends align with
(15): higher ρ simplifies disambiguation (fewer moves), higher v
compresses travel time, and varyingF shifts the balance between
observation cost and the number of moves.

In practice, selecting F should account jointly for v and
ρ: slower platforms and low ρ benefit from smaller F (more
informative samples, fewer moves), whereas fast platforms and
high ρ benefit from larger F (minimal observation cost). Across
these conditions, the proposed policy typically shortens total
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Fig. 6. CDF of the number of movements required to successfully track the target UAV for spatial correlation coefficients ρ ∈ {0.1, 0.5, 0.9}. (a) ρ = 0.1. (b)
ρ = 0.5. (c) ρ = 0.9.

Fig. 7. Number of movements at the 90th percentile.

Fig. 8. Average end-to-end tracking time, split into channel observation (light)
and travel (dark). (a) v = 2 m/s. (b) v = 5 m/s.

tracking time relative to greedy, while the unattainable genie
oracle indicates the remaining headroom for any RSSI-driven
controller.

Complexity and real-time feasibility: The controller operates
on compact numeric RSSI sequences (six features per time step),
not images or video, which keeps memory and compute budgets
small. The policy has 367 722 trainable parameters (model state
≈ 1.40 MB with 32-bit floats). The forward cost is dominated
by the stacked LSTMs. For an LSTM with input size I and
hidden size H , the MAC cost per time step and layer is 4(IH +
H2) (four gates). This standard count follows common LSTM
formulations in [30, ch. 10].

TABLE II
END-TO-END INFERENCE LATENCY BY DEVICE AND THE CORRESPONDING

THROUGHPUT (INFERENCES PER SECOND)

Using L=50 steps, H=128, and three layers with
(I1, I2, I3) = (6, 128, 128) yields

Layer 1: 4(6 · 128 + 1282) = 68,608

Layer 2: 4(1282 + 1282) = 131,072

Layer 3: 4(1282 + 1282) = 131,072

so one decision requires 50× (68,608 + 131,072 +
131,072) = 16,537,600 MAC (≈ 16.5 M). Two small fully
connected heads (policy/value) add � 1 M MAC, giving a total
of ≈ 17 M MAC per decision. Using the common convention
1 MAC ≈ 2 FLOPs, this corresponds to ≈ 34 M FLOPs per
decision.

These analytic counts are consistent with the measured
device-level latency in Table II: 2.9–5.5 ms per decision across
commodity GPUs and modern desktop CPUs, i.e., at least
∼ 180 inferences/s. In the overall control loop, the dominant
contributors to elapsed time are radio-side acquisition of RSSI
samples and the physical motion and actuation of the UAVs—
both hardware- and platform-dependent rather than algorithmic.
In short, the proposed controller is computationally lightweight
and real-time capable on CPUs and GPUs; policy inference is
not the bottleneck compared with sensing and vehicle dynamics.

Although our experiments target a single unauthorized UAV,
the architecture extends directly to multiple targets by instan-
tiating parallel six-UAV swarm cells, each running the same
A3C controller on its own RSSI stream. This requires only
system-level orchestration (target-cell assignment, inter-cell de-
confliction, and basic RF separation) rather than changes to the
learning algorithm.
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To facilitate reproducibility, the source code is publicly avail-
able at [31].

V. CONCLUSION

This article proposed an innovative anti-UAV system designed
to track and chase unauthorized UAVs using a sophisticated
multidimensional swarm flight strategy, supported by the latest
advancements in asynchronous DRL techniques. By enabling
tracking UAV swarms to closely chase unauthorized target
UAVs, this system significantly enhances the effectiveness of
neutralizing such UAVs while concurrently minimizing the risk
of collateral damage.

The core innovation of our system lies in the seamless integra-
tion of tracking and chasing functionalities by capturing com-
munication signals between unauthorized UAVs and their con-
trollers, traditionally handled as separate operations. A swarm
flight strategy was also introduced to address the large-scale sim-
ilarity issues of signals received by multiple antennas mounted
on a single tracking UAV.

We have incorporated advanced channel modeling that ac-
counts for spatial correlation and Doppler shifts, significantly
enhancing the proposed system’s responsiveness and adaptabil-
ity to variable environmental dynamics. This modeling is crucial
as it ensures the system maintains optimal performance under
various operational conditions, as demonstrated by extensive
simulations involving different channel sampling frequencies
and spatial correlation coefficients.

Empirical results have consistently shown that the proposed
system can achieve successful tracking and chasing within a
defined criterion, irrespective of the sampling frequency and
spatial correlation coefficients. This confirms the system’s robust
adaptability and reliability, establishing it as a valuable tool
for both surveillance and active monitoring applications. The
choice of channel sampling frequency (F ) is crucial and should
be carefully adjusted based on the tracking UAVs’ velocity (v)
and spatial correlation coefficient (ρ) to optimize the tracking
efficiency of our system.

While our approach primarily relies on RSSIs, it can be
extended to handle autonomous UAVs that do not emit RF
signals by incorporating multisensor fusion techniques without
altering the fundamental system structure. This enhancement
will further enhance the system’s adaptability and expand its
operational scope for broader UAV interception scenarios.
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