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Abstract: Swarm-based unmanned aerial vehicle (UAV) systems offer enhanced spatial coverage,
collaborative intelligence, and mission scalability for various applications, including environmental
monitoring and emergency response. However, their onboard computing capabilities are often constrained
by stringent size, weight, and power limitations, posing challenges for real-time data processing and
autonomous decision-making. This paper proposes a comprehensive communication and computation
framework that integrates cloud-edge-end collaboration with cell-free massive multiple-input multiple-
output (CF-mMIMO) technology to support scalable and efficient computation offloading in UAV swarm
networks. A lightweight task migration mechanism is developed to dynamically allocate processing
workloads between UAVs and edge/cloud servers, while a CF-mMIMO communication architecture
is designed to ensure robust, low-latency connectivity under mobility and interference. Furthermore,
we implement a hardware-in-the-loop experimental testbed with nine UAVs and validate the proposed
framework through real-time object detection tasks. Results demonstrate over 30% reduction in onboard
computation and significant improvements in communication reliability and latency, highlighting the
framework’s potential for enabling intelligent, cooperative aerial systems.

Keywords: Unmanned aerial vehicle (UAV); cell-free massive MIMO; integrated sensing and commu-
nication (ISAC); computational offloading; prototype system

1. Introduction

Unmanned aerial vehicles (UAVs), owing to their high mobility, flexible deployment, and cost-
effective operation, have found widespread applications in a range of civil and industrial domains,
including environmental monitoring, aerial photography, emergency communications, and intelligent
transportation systems [1-4]. As the technological maturity of UAV platforms continues to improve,
swarm-based UAV systems are gaining increasing traction due to their superior spatial coverage,
multi-point collaboration, and mission scalability. These UAV swarms, typically coordinated through
distributed or hierarchical control architectures, are envisioned to support complex tasks requiring
real-time situational awareness and large-scale data processing. However, their onboard processing
capabilities are constrained by limited size, weight, and power budgets, posing a significant challenge
to the realization of intelligent, autonomous aerial operations [5].

To address this bottleneck, computational offloading has emerged as a promising solution, allow-
ing UAVs to offload compute-intensive tasks—such as object detection, trajectory planning, and sensor
fusion—to edge servers or cloud infrastructure [6-8]. Existing works in this domain primarily focus
on optimizing task allocation, modeling wireless communication channels, and designing adaptive
scheduling strategies [9-11]. Approaches such as joint trajectory planning and dynamic computation
partitioning have been proposed to improve overall offloading efficiency. Meanwhile, the adoption of
high-capacity communication technologies, such as millimeter-wave (mmWave) and device-to-device
(D2D) links, has further enhanced the feasibility of real-time task migration. However, UAV swarms
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operating in dynamic and dense environments still suffer from co-channel interference, intermittent
connectivity, and channel fading—factors that severely degrade the quality-of-service (QoS) of compu-
tation offloading systems. In recent years, federated learning (FL) has attracted growing interest as a
privacy-preserving distributed learning paradigm that enables collaborative model training across
multiple UAVs or edge devices without directly sharing raw data. Integrating FL into multi-agent sys-
tems can significantly enhance the swarm’s adaptability and generalization by allowing decentralized
knowledge sharing and continual learning [12-15].

Against this backdrop, cell-free massive multiple-input multiple-output (CF-mMIMO) has been
proposed as a promising wireless architecture to enhance spectral efficiency, coverage uniformity,
and user-centric service provisioning [16-19]. Unlike conventional cellular networks, CE-mMIMO
eliminates cell boundaries by deploying a large number of distributed access points (APs), all jointly
coordinated by a central processing unit (CPU). This architecture has recently been explored for UAV
communications, offering potential advantages in mitigating inter-UAV interference, enhancing link
robustness, and supporting highly mobile devices in a scalable fashion. Moreover, when combined
with edge/cloud computing, CF-mMIMO can facilitate ultra-reliable and low-latency task offloading in
complex aerial environments [20-24]. Nevertheless, most existing studies remain limited to theoretical
analysis or idealized simulations, with relatively few works addressing real-world deployment or
experimental verification of such systems.

To the best of our knowledge, practical platforms that jointly leverage UAV swarm coordination,
CF-mMIMO communication, and distributed computation frameworks (e.g., cloud-edge collaboration
and FL) are still at an early stage [25]. Existing prototypes typically simplify the wireless front-
end (e.g., adopting centralized Wi-Fi or LTE links) or fail to exploit the potential of distributed
optimization across communication and computation domains. Furthermore, challenges such as real-
time synchronization, delay compensation, and adaptive formation control in decentralized swarm
environments remain largely underexplored. To address the aforementioned challenges, this paper
proposes a comprehensive UAV swarm communication and computation framework that integrates
cloud-edge-end collaboration with CF-mMIMO technologies. The proposed system is designed to
enhance the scalability, efficiency, and reliability of computational offloading in multi-UAV scenarios.
The main contributions of this paper are summarized as follows:

e  We design a lightweight dynamic task migration framework that enables flexible workload
allocation between onboard UAV processors and remote edge/cloud servers. This synergy
significantly alleviates the SWaP-induced processing limitations of UAVs, achieving over 30%
reduction in onboard computational load, as validated through extensive experimental evaluation.

e A cell-free massive MIMO-based communication architecture tailored for UAV swarms is pro-
posed, featuring over-the-air synchronization and distributed delay compensation mechanisms.
These techniques address key challenges such as inter-RRU coordination, timing alignment, and
CSI acquisition in dynamic and decentralized swarm environments.

*  We build a hardware-in-the-loop experimental testbed consisting of nine UAVs equipped with
real-time sensing and distributed control capabilities. A flocking-inspired formation control
algorithm is integrated to ensure coordinated swarm mobility, and system-level experiments
under object detection tasks demonstrate improved reliability and latency performance compared
to traditional centralized solutions.

The rest of this paper is organized as follows. We introduce the system model in Section 2, and in
Section 3, we present key technologies for the proposed system. Prototype system and experimental
validation are discussed in Section 4. Finally, we draw our conclusions in Section 5.

2. System Design

The proposed system architecture, depicted in Figure 1, leverages a CF-mMIMO-driven cloud-edge-
terminal collaborative framework for UAV swarms. This hierarchical architecture contains three tiers:
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¢  Cloud tier: Integrates cloud servers and core networks for centralized computation and global
resource management;

e Edge tier: Deploys distributed CF-mMIMO transceivers with edge servers to enable spatial
multiplexing and low-latency processing;

¢  Terminal tier: Comprises a swarm of K single-antenna UAVs for visual perception tasks.

Cloud i Edge i Terminal

Edge server

|| Sub-6 GHz Coverage

e o

Cloud server

g

Core network

Sp S o

% Cell-Free Massive MIMO
Figure 1. System design.
The hierarchical structure and functionalities of each tier are detailed below.

2.1. Cloud Tier

In this tier, the cloud server performs the following core functions: algorithmic model training,
real-time inference, task scheduling, and comprehensive monitoring of resources, tasks, and network
status. The algorithmic model training relies on the robust computational capabilities of cloud-based
servers, where optimization is achieved through advanced artificial intelligence (AI) models or iterative
algorithms. Real-time inference leverages pre-trained models to generate predictions promptly upon
receiving new data, requiring low latency and high throughput. The task scheduling mechanism
dynamically orchestrates resource allocation to maximize parallelism and efficiency in multi-task
execution, while integrating fault-tolerant strategies to ensure resilience against potential failures.
The real-time resource monitoring system tracks resource usage to dynamically adjust allocations.
The task monitoring system ensures timely handling of faults by real-time tracking of task status.
The network monitoring evaluates performance in real-time to guarantee efficient and secure data
transmission. Data and command exchange is facilitated between the core network and edge-tier
CPUs through bidirectional interaction. These functionalities are interdependent, collectively forming
a highly efficient and reliable system.

2.2. Edge Tier

The edge server centrally manages task scheduling for UAV swarms through real-time data
acquisition. By leveraging the real-time status, positional data, and task priorities of all UAVs, the
system optimizes task allocation to ensure efficient resource utilization. Furthermore, edge servers con-
tinuously monitor system resources, swarm task status, data traffic, and network performance metrics
to dynamically optimize communication efficiency among UAV and access points (APs). This central-
ized management and intelligent scheduling approach not only enhances real-time responsiveness to
swarm operations but also improves the overall efficiency of task execution.

Edge servers establish reliable connectivity with UAV swarms via the CF-mMIMO architecture.
The architecture ensures robust coverage in dynamic environments through large-scale deployment of
APs, playing a critical role in enhancing communication reliability and reducing latency. As illustrated
in Fig. 1, the proposed architecture comprises N APs, M edge distributed unit (EDU), M user-centric
distributed unit (UCDU), and a central processing unit (CPU). The APs handle radio frequency (RF)
signal reception/transmission across Sub-6 GHz frequency bands, while the EDU executes distributed
precoding and reception processing. The UCDU manages data distribution and combining operations.
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In the considered system, it is assumed that no inter-UAV communication exists, thereby resulting

in independent tasks. Furthermore, each UAV is served by N APs, where each AP is equipped with N;

antennas. The implementation details of uplink and downlink transmissions are presented separately.
During the uplink phase, the received signal at the n-th AP can be expressed as

K

Yn = hy X + 2y, (1)

k=1
where hy ,, € CN<1 denotes the channel coefficient between the k-th UAV and n-th AP, x; represents
the transmitted signal from the k-th UAV, and z,, denotes additive white Gaussian noise (AWGN) with
power ¢? at n-th AP.
By employing detector vy ,, at the n-th AP, the transmitted signal of the k-th UAV can be collabora-
tively detected as

N
=Y TinVil,yu 2)
n=1

where I, € {0,1} is the indicator function satisfies Ij , = 1if and only if the k-th UAV is served by the
n-th AP. In a fully distributed architecture, each AP is limited to local channel state information (CSI),
i.e., hy ,, Vk, and thus performs non-cooperative signal detection (e.g., conventional maximum ratio
combining (MRC)). This decentralized strategy inevitably induces significant performance degradation,
while full collaboration imposes prohibitive fronthaul overhead.

To address this challenge, following the CF-mMIMO architecture in [18], multiple APs are
interconnected with a dedicated EDU for signal detection. This configuration improves collaborative
processing performance through integration of additional cooperative APs while maintaining system
scalability. Specifically, each user may associate with multiple EDUs but only one UCDU. After
demultiplexing multi-user data streams, EDUs forward them to the associated UCDU, which performs
signal aggregation from distributed EDUs. The composite partial minimum mean squared error
(P-MMSE) detector at the m-th EDU is formulated as

-1

Vi = Pk[ Y pihihft 40T By, 3)

icAn

where py denote the transmit power of the k-th UAV, A,, represent the set of UAVs associated with
the m-th EDU, and E-,m denote the equivalent channel between the i-th UAV and the m-th EDU.
Substituting (3) into (2) yields the recovered uplink signal from the UAVs.

In the downlink phase, the received signal at the k-th UAV is expressed as

M

ve= Y h{, ( ). Wi,mxi> + zg, 4)
m=1 icAy

where w; ,, denotes the precoding vector for the k-th UAV at the m-th EDU Similarly, the downlink data

stream for same UAV is exclusively transmitted from the UCDU to multiple EDUs, enabling a downlink

coherent joint transmission (CJT) through coordinated beamforming across distributed EDUs.

2.3. Terminal Tier

Each UAV is equipped with a flight control unit (FCU), terminal processor, and communication
module. The FCU acquires real-time state data including position, velocity, and attitude. The terminal
processor handles mission-specific data processing, such as preliminary analysis of camera-captured
video streams. Both processed results and raw data are then transmitted in real-time through the com-
munication module to edge and cloud servers for subsequent management, analytical operations, and
decision-making optimization. In this paper, we leverage the proposed cloud-edge-end architecture
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to offload computational tasks from UAVs to ground-based servers, thereby achieving a substantial
reduction in computational energy consumption and enhanced operational endurance for UAVs.

3. UAV Formation Control Technologies

UAV formation control techniques primarily include the leader—follower approach, virtual struc-
ture method, consensus-based control, artificial potential field method, and behavior-based control.

Among these, the leader—follower approach is currently the most widely adopted and mature
method. It features a relatively simple control structure and is easy to implement. However, this
method is highly dependent on the leader UAV, and any malfunction of the leader may result in the
failure of the entire formation. To address this limitation, a virtual leader can be introduced as the
overall formation reference. The position and velocity of this virtual leader are estimated and shared
among UAVs in real time. This design enhances the fault tolerance of the formation and reduces its
reliance on a single physical leader.

The virtual structure method conceptualizes the UAV formation as a rigid geometric configuration.
During coordinated flight, each UAV maintains a fixed relative position within this virtual structure.
When the formation changes its shape or trajectory, individual UAVs simply track their assigned
virtual coordinates, enabling the formation to adaptively follow pre-defined inspection paths. This
method ensures geometric consistency but poses challenges in large-scale implementations due to the
rigidity of the structural assumptions.

The consensus-based method enables each UAV to update its state by exchanging information
with neighboring UAVs, ultimately achieving global agreement on variables such as position, velocity,
or heading. This approach is well-suited for distributed networks and enhances the formation’s
responsiveness to dynamic environments. It also improves system robustness, as the loss or failure
of a single UAV does not compromise the overall stability. However, consensus algorithms are
typically complex and impose stringent requirements on communication channel capacity and latency.
Prolonged communication delays or packet losses may prevent the formation from maintaining
consistent states across all UAVs.

The artificial potential field method, widely used in trajectory planning, models the influence of
obstacles and targets as virtual attractive and repulsive forces. While the goal exerts an attractive force
on UAVs, obstacles exert repulsive forces to avoid collisions. The resultant force governs UAV motion
and navigation. Although this method is simple and offers good real-time performance, it is limited in
handling UAV kinematic constraints, and thus is rarely used in precise formation control tasks.

The behavior-based control method categorizes UAV responses into four fundamental behaviors:
collision avoidance, obstacle avoidance, target acquisition, and formation maintenance. Each UAV
determines its control actions based on weighted behavior responses to sensory inputs. Inspired by
biological swarm intelligence, this method offers high flexibility and fault tolerance. However, it lacks the
ability to maintain strict formation geometry and poses difficulties in mathematical stability analysis.

To ensure safe operation in large-scale UAV swarms, collision avoidance between UAVs and
dynamic network reconfiguration must be considered. Among the existing formation control strategies,
the leader—follower method suffers from poor anti-interference performance and single-point failure
risk; the virtual structure method lacks flexibility for large-scale swarm task assignment; and the
behavior-based method cannot guarantee global formation stability.

Considering these limitations, we adopt a flocking-based distributed formation control strategy.
The flocking algorithm combines the advantages of consensus theory and artificial potential fields,
and classifies UAVs, obstacles, and target points as a-agents, -agents, and y-agents, respectively.
Under three key rules—separation, cohesion, and velocity alignment—UAVs can maintain a desired
formation shape and move uniformly toward a target direction, while avoiding collisions and ensuring
safe inter-UAV spacing. Moreover, flocking supports dynamic splitting and merging of UAV groups,
offering excellent scalability and adaptability. The control rules are summarized as follows:
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e  Separation: Each UAV is repelled by the sum of repulsive forces from neighboring agents to avoid
collisions.

*  Cohesion: Each UAV is attracted toward neighboring agents to maintain team compactness.

*  Velocity alignment: Each UAV adjusts its velocity to match the average velocity of its neighbors,
ensuring synchronized motion across the swarm.

Based on the aforementioned rules, considering the realistic swarm flight environment, the
flocking algorithm adopted in this work is designed as follows.

3.1. Separation
For local repulsive forces, a simple semi-spring model is employed, using a linearly distance-
dependent central velocity term. Interaction begins only within a maximum range r,”, beyond which

repulsion is ignored
rep ri—r; rep

i . 4
/ 0, otherwise

\Y% )

where p'®? is the linear gain of the repulsive force, and r;; = |r; — r;| is the distance between agent i
and j. The total repulsive force on agent i from all neighbors is

rep o ?’Ep
VT =Yy Vi ©)
j#i

3.2. Velocity Alignment

Velocity alignment is achieved by introducing a velocity term based on the difference in velocity
vectors among nearby agents. The objective is to synchronize motions and reduce self-induced
oscillations due to delays or noise. A smooth velocity decay function, D(-), based on an ideal braking
curve is adopted, with constant acceleration at high speed and exponential convergence at low speed

0,r<0

rep a
Vi ={rmp0<rp<i , @)

2 .
\/2ar — ;—2, otherwise

where r is the distance to the target stopping point, a is the preferred acceleration, and p is a linear
gain that determines the crossover between two deceleration phases.

The fundamental principle of the velocity alignment term is to constrain the velocity difference
between any two agents such that it does not exceed the maximum allowed by the ideal braking curve
at a given distance. As such, this alignment mechanism can be treated as a motion planning term
within the force-based motion model

i ictmax Vi~ frictmax
. Cfrict (U‘, _fric ) UYL of
t 1 — Vi
vérzc _ ] i vjj ] ij , (8)

0, otherwise

where o/ _ ax (vf rict D(rl-]- — rgrid, africt, pf riCt)), Cfrict denotes the linear coefficient for

i
frict

reducing velocity alignment error, v/"“" is the velocity relaxation term that allows a certain degree

of velocity difference to exist independently of the inter-agent distance. The variable rémt refers to
the distance between agent i and the predicted stopping point ahead of agent j. Parameters p/"! and
/"t represent the pairwise linear gain and acceleration parameters, respectively. The amplitude of
the speed difference between agent i and j is denoted by v;; = Vi — \4 |. The total velocity alignment

term for agent i with respect to all other agents is given by
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V{rict _ ngrict. (9)
J#i

In addition, the locality condition of the velocity alignment mechanism is implicitly ensured by
defining a maximum interaction range D(-) = 20™%*. On the other hand, this formulation allows for
flexible scalability in the velocity domain. Specifically, for swarms operating at higher speeds, it is
beneficial to begin reducing velocity differences at larger distances to prevent potential collisions and
improve formation coherence.

3.3. Collision Avoidance and Obstacle Avoidance

Long-range attraction is not an explicit part of this flocking system. To keep the agents together, a
bounded flying arena is defined for the agents, surrounded by soft-repelling virtual walls. One ideal
way to define such a repulsion is to define virtual "shield" agents near the arena walls. These virtual
agents are rushing towards the arena at a certain velocity. Real agents near the walls should relax their
velocities to the velocity of the virtual agents. The velocity alignment term for the virtual agents is

. . ’:
ol = gt (1 +- fu) (10)
T
0
hill V;—, rictmax
Vl'S = 15 , (11)

0, otherwise

where ;s = |r; — 15], 15 is the location of the virtual agent. Parameter v;; = |V; — V|, where V; is the
speed of the virtual agent, perpendicular to the edge of the wall polygon pointing inwards towards the
arena, vghi” is the base virtual agent speed. <y is the dynamic speed coefficient. For each wall or obstacle,
multiple virtual agents can be defined, located at different distances to enhance obstacle avoidance.
The same concept can be used to avoid convex obstacles within the arena, but with agents moving
outward from the obstacle, rather than inward, as described above for the arena. Another difference
is that while all wall polygon edges spawn a separate virtual agent within the arena, obstacles are
represented with a single virtual agent located at the closest point of the obstacle polygon relative to
the agent. Therefore, for each agent, a velocity component V¢’ can be defined similarly to V¥,

using the same parameters as for the walls.

3.4. Self-Driving

The self-driving term represents the agent’s desired velocity, which aligns with its actual motion
direction. To improve adaptability, dynamic self-driving terms can be introduced, including speed
adaptation and directional correction.

(1) Speed Adaptation
pflock — vgl“k . (1 +4- il >, (12)
Omax
where v{;l“k is the basic self-driving speed and J is the speed adaptation coefficient.

(2) Directional Correction

Viself _ ¥I‘|vflock + AVicorr’ (13)
i

where V' is the direction correction term, which is used to adjust the movement direction of the agent.
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3.5. Final Desired Velocity
The final desired velocity is computed as the vector sum of all interaction forces:
(1) Dynamic Speed Limits
N:
v"‘“x—v(’)"”x-<1+e~Nl ) (14)
max
where UOIOCk is the basic self-driving speed and ¢ is the speed adaptation coefficient.
(2) Directional Correction
‘/iself — gi|vf10(3k + Avicorr. (15)
i

3.6. Solution Based on Flocking control algorithm

The algorithm uses three rules, separation, aggregation, and speed alignment, to ensure that
the drone group maintains a fixed distance and constant speed during flight, avoids collisions, and
achieves the separation and reorganization of any individual. Compared with traditional centralized
or distributed formation control methods, the Flocking algorithm has better flexibility and robustness,
can adapt to complex environmental changes, and improves the coordination ability and task execution
efficiency of the drone swarm.

Algorithm 1: Flocking-Based Swarm Motion Control

Input:
Number of agents: N
Initial position and velocity: (p;, v;) for each agent i
Perception radius: R
Behavior weights: ksep, kcoh, Kalign
Motion constraints: vmax, time step At
Output: Updated position and velocity of all agents over time
1 foreach time step do

2 foreach agenti = 1to N do

3 Step 1: Find Neighboring Agents;
4 Ni={i#illpi—pjll <R}

5 Step 2: Compute Acceleration Terms;
6 agep <= 0, acoh <= 0, Aalign < 0;
7 if N; # @ then

8 fsep < O;

9 foreach j € N; do

10 Ap < pi —pji

1 d < ||Apll;

12 if d > 0 then

13 L foep < fsep + AP/ d;
14 Asep < ksep . fsep;

15 p < average{p; | j € Ni};

16 acoh < keoh - (]_9 - pi);

17 v < average{v; | j € N;};

18 | Qalign < kalign : (‘7 - Vi);

19 Step 3: Update Motion State;

20 Apotal ¢~ Asep T Acoh T Aalign;

21 Vi ¢ Vi + ol - AL

22 if ||vi|| > Umax then

3 | Vi i/ vill) - omax;
24 | Pi < PpitVi-AL
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4. Experimental Validation

The proposed system was validated through a series of collaborative object detection and compu-
tation offloading experiments involving a swarm of nine UAVs. The system demonstrated its capability
for cloud-edge-end computational orchestration. Specifically, the cloud server was responsible for
receiving onboard video streams and executing target detection inference tasks. The edge server
handled UAV swarm mission scheduling, forwarded inference results from the cloud, and displayed
detection outputs on the ground control interface. Each UAV’s onboard computer managed video
acquisition, formation flight, and gimbal control tasks.

In the experiment, the UAVs ascended to a predefined altitude to perform vehicle detection
using local inference. Upon successful detection, the ground control system initiated task migration,
offloading the object detection algorithm from the UAV to the cloud server. The inference results were
then transmitted through the edge server and displayed as bounding boxes on the ground control
interface. Computational resources were monitored using various tools: GPU and CPU usage on the
UAUVs (Jetson NX) were measured via the jtop tool; the cloud server’s GPU usage was tracked using
nvidia-smi, and CPU usage was obtained using the top command, averaging the inference-related
CPU loads over all system threads. The edge server’s resource utilization was monitored using the
same approach as the cloud server.

Since the adopted YOLOvV5 detection algorithm primarily relies on GPU resources, minimal
CPU variation was observed before and after task migration. In contrast, GPU utilization exhibited
significant changes. After offloading, the cloud server’s GPU usage increased substantially, while the
GPU load on selected UAVs dropped sharply.

The test involved all nine UAVs flying in a formation with a horizontal spacing of 8 meters and
a hovering altitude of 5 meters. Resource utilization before and after computation migration was
recorded and compared. Figure 2 shows the CPU and GPU usage of the cloud and edge servers,
Figure 3 presents the CPU usage on different UAVs, and Figure 4 illustrates their GPU usage.

Resource Utilization Before/After Computational Power Migration
45 T T T

[ Pre-migration-use1
[ Pre-migration-use2 395 407
[ IPost-migration-use1 it
[ Post-migration-use2

IS
S
T

w
@
T
I

33.3

@
S
T
I

26.7 27 27

251 7

Resource Utilization (%)

3 3

0.7 0.9
I [ - 03 I

usel (Before) usel (After) use?2 (Before) use2 (After)

0.2

Figure 2. Comparison of CPU and GPU utilization on the cloud and edge servers before and after computation
offloading.

According to the measurements, the cloud server’s CPU utilization increased from 18.8% and
12.5% to 33.3% and 26.7%, respectively, while its GPU usage rose from 3% to 27%. The edge server’s
task-related CPU usage slightly increased from 1.18% to 1.24%. For the UAVs:

e  UAV A: CPU increased from 12.6% to 14.5%, GPU dropped from 91.2% to 0.8%;
e UAV B: CPU increased from 11.7% to 13.1%, GPU dropped from 90.8% to 0.6%;
e UAV C: CPU increased from 13.3% to 15.8%, GPU dropped from 88.9% to 0.7%;
¢ UAV D: CPU increased from 12.2% to 13.5%, GPU dropped from 92.8% to 1.1%.
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CPU Computational Power Migration: Before vs After (Aircraft A)
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Figure 3. CPU utilization comparison of different UAVs before and after computation offloading.
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Figure 4. GPU utilization comparison of different UAVs before and after computation offloading.

These flight experiments validate the effectiveness of the proposed cloud-edge-end computational
orchestration framework and the distributed formation control mechanism. The results demonstrate that
after task migration, the target detection algorithm continues to operate correctly. The significant increase
in cloud GPU usage and the corresponding reduction in onboard GPU load, without compromising
detection accuracy or display latency, confirm the efficiency and reliability of the proposed system.

5. Conclusions

This paper presented an integrated communication and computation framework for UAV swarmes,
combining cloud-edge-end collaboration with a CF-mMIMO architecture. A lightweight task migra-
tion scheme was designed to alleviate the onboard processing burden, while a robust CE-mMIMO
protocol with synchronization and delay compensation was implemented to ensure reliable wireless
connectivity in dynamic swarm environments. Hardware-in-the-loop experiments demonstrated that
the proposed system significantly improves computational efficiency, communication reliability, and
end-to-end latency. The results offer valuable insights into scalable and practical solutions for real-time,
collaborative UAV applications.
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