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Abstract— The autonomous cooperation of micro unmanned
aerial vehicle (UAV) swarms remains a key challenge. Existing
swarm relative positioning and control methods demand high
sensing, computing, and communication resources and rely on
external equipment like GPS and ground stations. To address
these issues, this paper proposes an all-onboard and external-
aiding-free swarm relative measurement, positioning and con-
trol framework. The framework utilizes an onboard Vision-
Optoelectronic-Ultra-Wideband (UWB) coupled measurement
system to acquire inter-UAV relative distance and direction.
Subsequently, the swarm’s relative positions are solved via
a distributed graph optimization (DGO) approach. Based on
the solved relative positions, swarm cooperative control is
implemented through a distributed Voronoi diagram approach.
Experimental results demonstrate that the proposed method
enables 150 g micro-UAVs to achieve nearly 100-meter au-
tonomous outdoor formation flight and collaborative tracking
of dynamic targets, with swarm relative localization accuracy
reaching approximately 0.262 m. This work pioneers fully
autonomous measurement and control for 100-gram scale UAV
swarms without external infrastructure, significantly advancing
autonomy and enabling swarm intelligence emergence.

I. INTRODUCTION

To overcome the inherent resource constraints of micro
unmanned aerial vehicles (UAVs), researchers form swarms
to enable complex collaborative tasks [1], thus demonstrating
capabilities far beyond those of individual units. Current
research features few micro-UAV swarm systems capable
of autonomous flight and task execution without relying on
external infrastructure. The fundamental reason lies in the
absence of lightweight technologies for inter-agent relative
positioning and control.

Relative positioning provides essential coordinates for
swarm cooperation [2]. To avoid the dependency of posi-
tioning methods on external equipment like GPS [3] and
wireless base stations [4], inter-UAV relative positioning
methods based on onboard sensors have gained increasing
research interest, which mainly include: 1) pose estima-
tion, featuring technologies such as visual-inertial odometry
(VIO) [5] and optical flow [6]; 2) distance measurement,
including Ultra-Wideband (UWB) technology [7] and laser
time-of-flight (ToF) sensors [8]; 3) direction measurement,
exemplified by monocular vision [9], optoelectronic [10],
and beamforming [11]. While pose estimation methods fuse
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vision and IMU data to estimate UAV displacement, in-
tegration errors accumulate over time, causing significant
drift. Therefore, state estimation results are usually fused
with relative measurements among UAVs through Kalman
filtering-based methods to improve accuracy [12], however,
limitations in the field of view (FOV) of onboard sensors can
lead to missing measurements in real-world scenarios. To
address this issue, graph optimization (GO)-based methods
that achieve omni-directional relative positioning are pro-
posed [13]. In this scheme, the state of each robot node is
represented as a vertex of the graph, and the edges of the
graph represent the relative measurements between robots.
Based on prior knowledge and the constraints provided
by relative measurements, the positions of the robots can
be solved through information exchange and optimization.
However, the general GO method typically requires high-
end UAVs with substantial computational power and high
energy consumption.

Building upon relative positioning, a lightweight and ef-
ficient control method is also essential for swarm intelli-
gence. Existing popular methods include consensus control
[14] and distributed model predictive control [15], among
others. However, their performance become suboptimal when
applied to high-dynamic applications like cooperative target
tracking. Such scenarios necessitate UAVs to conduct real-
time analysis of both collaborative agents and target dynam-
ics, rather than merely maintaining predefined formations.
In recent years, methods based on Voronoi diagrams for
swarm cooperative target tracking have been developed [16].
While promising, their real-world use is limited due to the
lack of reliable onboard localization between UAVs and high
computational cost.

Current research addresses key UAV swarm collaboration
issues in isolation, lacking a unified lightweight frame-
work for closed-loop autonomous control. This gap prevents
satellite/base-station-independent operation. Moreover, cen-
tralized relative positioning architectures impose GPU-level
computational demands, which are incompatible with general
UAV swarms, especially gram-scale micro-UAVs.

In this study, we present an all-onboard, lightweight, and
distributed swarm relative sensing and control framework
based on multimodal sensing, distributed graph optimiza-
tion (DGO) and Voronoi diagrams for real-world 100-gram
scale micro-UAV swarms. The proposed framework uses
onboard micro monocular cameras, optoelectronic detectors,
UWB sensors, IMUs, and optical flow sensors for inter-
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Fig. 1: Diagram of the multimodal onboard relative measurement system.

UAV relative measurements. Utilizing the sensing infor-
mation and low-bandwidth inter-UAV communication, the
relative positioning framework based on DGO runs on the
lightweight ARM embedded computing units without rely-
ing on any external infrastructure. Integrating a lightweight
object detection neural network, we implemented a swarm
cooperative autonomous target tracking application. In out-
door field experiments, the framework achieved a relative
swarm positioning accuracy of 0.262 m and a target local-
ization accuracy of 0.43 m. The swarm also successfully
demonstrated autonomous coordinated target encirclement
through the proposed control method based on Voronoi
graph. The integrated core sensing and control unit on each
UAV consumes a total power of only 2.3 W and doesn’t
require a dedicated vision-processing GPU. This framework
provides a viable solution for fully autonomous micro-UAV
swarms.

II. RELATIVE POSITIONING VIA MULTIMODAL SENSING
FUSION AND DISTRIBUTED GRAPH OPTIMIZATION

In this section, we propose a lightweight Vision-
Optoelectronic-UWB sensing system fusing relative distance
and direction estimations. Utilizing the relative measure-
ments, The swarm’s relative positions are solved based on a
DGO framework, exhibiting characteristics of omnidirection-
ality, global consistency, and strong real-time performance.

A. Multimodal Onboard Relative Sensing System

As illustrated in Fig. 1, the problem of 3D relative position
measurement between UAVs is decomposed into the fusion
of relative distance and direction measurements, assisted by
an onboard state estimation system.

1) UWB Ranging: A distributed relative distance mea-
surement network was achieved by mounting a UWB
node (NOOPLOOP LinkTrack P-BS) on each UAV, with-
out ground UWB anchors. The accuracy of UWB distance
measurement can be influenced by various factors, including
distance, signal power, and environmental electromagnetic
interference. Therefore, we conducted a calibration process
using the ground truth provided by a NOKOV Mars2HW
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optical motion capture system as reference. A linear trans-
formation was applied to the raw output of UWB node to
approximate the real distance. After calibration, the UWB
operates at a frequency of 50 Hz, achieving a distance
measurement accuracy within 0.1 m.
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Depth
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Fig. 2: Monocular depth estimation.

2) Monocular Depth Estimation: We developed a novel
lightweight depth estimation framework that fuses sparse ToF
depth data with RGB images (obtained from an OV5647
camera), leveraging geometrically precise ToF measure-
ments simulated on BlendedMVS [17] and MegaDepth [18]
datasets using 8x8 grid sampling, to resolve the inherent
scale ambiguity of monocular depth estimation. An input-
level fusion strategy is employed, where sparse 8x8 ToF
depth is upsampled to RGB resolution and transformed into
a 3D geometric feature map, fused with the normalized RGB
image at the earliest processing stage to optimize multimodal
alignment while reducing model complexity. This is followed
by an efficient hierarchical encoder-decoder architecture em-
ploying a lightweight MobileNetV2 backbone (1.2 M pa-
rameters, ImageNet pre-trained) [19] for 32x downsampled
feature extraction, with the decoder progressively upsampling
features through bilinear interpolation and skip-connections
to fuse multi-scale information up to 4x resolution. A con-
volutional residual refinement module subsequently enhances
depth edges and outputs full-resolution predictions via final
4x upsampling, trained end-to-end with L1 loss. As shown
in Fig. 2, the framework achieves distance measurement error
of 0.47 m within a range of 6 m.



3) Monocular Direction Measurement: We developed a
lightweight monocular vision system to achieve angle mea-
surement, using an OmniVision OV5647 camera with a FOV
of 72.9° and a resolution of 320x240 pixels. To identify
the cooperative target in the image, a lightweight YOLOvV7-
tiny model [20] with 1.5 M parameters, 828 M FLOPs
and 99.2% precision is trained and deployed on an onboard
RISC-V Al processor, running at 15 Hz, as shown in Fig.
3. After recognizing the cooperative target, the coordinates
of the target center in the two-dimensional image plane can
be acquired. Then the relative direction between UAVs in
the world coordinate system can be calculated according to
the principle of monocular camera imaging. The developed
relative direction finding technique yields an accuracy of 1.2°
in verification experiments.

Fig. 3: Detecting UAVs using monocular camera.

4) Optoelectronic Detection: We designed a relative di-
rection measurement system based on a 2D optoelectronic
position-sensitive detector. This system detects optical bea-
cons mounted on other UAVs within the swarm to measure
relative bearings. The sensor integrates a micro-lens with
a 72° field of view and employs a 660 nm filter for near-
infrared cooperative target detection. As shown in Fig. 4,
Gaussian centroid algorithm locates spot centroids on the
image plane, while the pinhole camera model (similar trian-
gles principle) calculates relative directions. Integrated with
an ARM embedded computing unit, the system achieves a
direction measurement accuracy of 0.9° at an update rate of
100 Hz.
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5) State Estimation: We developed a lightweight state
estimation system consisting of a MEMS IMU, a ToF sensor
to the ground and an optical-flow system. The Extended
Kalman Filter (EKF) is utilized to fuse sensor outputs
and generate smooth pose estimation results. Inertial pose
measurement exhibits drift and error accumulation over time
and flight distance. However, its estimations of velocity
and acceleration remain highly accurate over brief periods,
providing essential complementary references for relative
positioning.
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Fig. 5: Flowchart of the relative positioning framework.

B. Relative Positioning Based on DGO-EKF coupling

Based on the multimodal measurements, the relative po-
sitions are solved through DGO. The swarm’s relative posi-
tion topology map is decomposed into multiple subgraphs,
enabling each UAV to solve its local topology on-board.
Through a limited information sharing mechanism, the lo-
cally computed solutions iteratively converge to the globally
optimal solution. Furthermore, the DGO results are fed as
measurement inputs into the UAVs’ pose estimation system
using EKF. This corrects the accumulated errors in state
estimation over time, as shown in Fig. 5.

The workflow of DGO is detailed as follows. Consid-
ering a swarm of N UAVs, we define the real position
of UAV (¢) at step k as Pk,(i) = [xky(i),yky(i),zk_’(i)]T
The real position set of the swarm can be written as
P, = {pk7(1),pk7(2),-~~ ,pk)(N)}. We give the distance
measurement model as

di (i) = D (Pr. (i) Pr.i)) + N (0,%3) (D

where dk,(m-) represents the distance between UAV () and
UAV (j) at step k, measured by the distance sensor mounted
on UAV (i). h? is the observation function of distance. A/
stands for the normal distribution function, and >, is the
variance of Gaussian noise matrix.

The measurement model of relative direction is given as

ék,(i,j) =h’ (Pr.(i), Pr.()) + N (0,55) 2

where ék7(i7j) is the relative angle on the horizontal plane
between UAV (i) and UAV (j) at step k, measured by the
direction sensor mounted on UAV (i). hY is the observation
function of direction, and Xy is the variance of Gaussian
noise matrix.

The UAVs solve the relative position graph in a distributed
optimization scheme. At step k, UAV (i) regards its own
position py, (;) as the variable to be optimized. Utilizing local
relative measurements and the positions of other UAVs in the
swarm ({ph(j), j# i}), a series of measurement residuals
can be constructed as cost functions. Although the estimated
Pr,(;) is unknown to UAV () at step k, UAV (i) can receive
the positions of other UAVs estimated by themselves at step
k — 1 through inter-UAV communication with limited byte
capacity, which can be expressed as {f)k_l)(j),j # z} To



compensate for the displacement between step k£ — 1 and
step k, we have

3)

where p,ﬁ ) denotes the compensated position of UAV (j)
at step k, and viisf’(j) is the velocity of UAV (j) at step
k —1 obtained by pose estimation system. The distance error
function of UAV (¢) can be expressed as

T = 2
j€O

d

P () = Pr-1.G) T Vi1 ()AL J #

2
5 c

(i) — Hpk,(z’) - Pk,(j)HQ’ 5, @
where the set Oy stores number j, if UAV (j) is
within the distance measurement range of UAV ().
[()|I% =(*)" 21 (%) is the Mahalanobis norm of matrix (*).
The angle error function can be also given as

2
0 i C
iy = E Hek,(i,j) -7 (Pk,(i)7pk,(j)) Hze )
J€Og

where Qg is the set of all UAVs in the view of the
direction sensor mounted on UAV (i), Z (x,*) calculates
the relative angle between two given coordinates. In real-
world scenarios, owing to the limited FOV of the camera
and optoelectronic sensor, Oy usually contains only a subset
of the cooperative UAVs. However, since the UWB sensor
is omnidirectional, the relative position graph of the swarm
can be determined using sufficient distance information and
a few pairs of relative angle measurements.
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Fig. 6: Diagram of the DGO method.

In addition, the pose estimation system of UAV (¢) pro-
vides high-frequency position measurements. Although the
estimation error accumulates over time, the displacement
measurement in a short period is relatively accurate. The
error function of pose estimation is given as

2
pose

pose
J k—1—k,(3)

k(i) = HAf) Pk, i) — ﬁkfl,(i))“ (6)
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pose

where AP~ k(i is the displacement of UAV (z) from
step k — 1 to step k, Pr—1,(;) is the position of UAV (i) at
step k — 1, which is obtained through optimization at step k.
Utilizing the error functions given by (4)-(6), the graph
optimization problem can be formulated as follows:

)

Based on DGO, the relative positions of the swarm can be
solved in a distributed scheme utilizing the L-BFGS method
[21]. We further proposed a DGO-EKF coupling system
that integrates low-frequency DGO estimates into the EKF
as measurement updates. The UAVs uniformly designate
one of the nodes in the swarm as the reference point. All
UAVs in the swarm, excluding the reference point, utilize the
results of DGO to update the Kalman gain, state variables,
and covariance matrix. The proposed system constrains the
dispersed UAVs near the reference node through relative
measurements, preventing the accumulation errors of pose
estimation over time.

Vet

f)k’(i) = arg min (J,i(i) + J,‘i(i) + (7)

Pk, (i)

III. COOPERATIVE TARGET LOCALIZATION

Leveraging the relative positioning scheme, the swarm
unleashes collective intelligence capabilities, which is exem-
plified by cooperative target tracking missions.

We first developed a lightweight human pose recognition
model based on the residual log-likelihood estimation (RLE)
method [22]. MobileNetV2 with a width multiplier of 0.35
was utilized as the backbone [19]. The model was trained on
the COCO dataset [23], which is augmented with Gaussian
blur and contrast adjustments. The validation set comprised
the COCO key point validation set and a COCO-formatted
key point set consisting of 368 images captured by the
onboard OV5647 camera of the UAV. After post-training
quantization, the model was deployed on on the RISC-AI
processor of the UAV, achieving a mean average precision
(mAP) of 0.840.

For collaborative target localization, it is essential for
UAVs to verify whether the detected targets are identical (the
person RelID problem). In the swarm system, the key points
of the targets extracted from the model on each UAV are
shared among the UAVs. Then, each UAV performs local-
to-received feature matching. After the RelD process, the
relative pose between each UAV and the desired target is
computed using the previously calibrated camera intrinsic
parameters. The relative angles between the UAVs and
the target in the horizontal plane are extracted as A;Cgt
{af}(l), a;f)t@), e ,a;gf( N)}. Fusing the inter-UAV relative
posiﬁons obtained from DGO calculations with the relative
angles between the UAVs and the target, an overall pose
graph can be generated, and the distributed optimization is

performed. The cost function is defined as

2
R =30 (ol — £ Pl
1€ gt

(8)

where p’,ig ¢ represents the position of the target. The set Oy
stores number ¢, if the target can be detected by UAV (7).



p;?" can be estimated by:
~tgt . tgt
p, = argmin J;
tgt
Py

9

IV. COLLABORATIVE TARGET TRACKING BASED ON
VORONOI DIAGRAM

Extending our prior framework for relative measurement
and target localization, we implemented cooperative tracking
and encirclement of dynamic targets through distributed
Voronoi partitioning.

A. Problem Formulation

We consider a swarm consisting of N, UAVs acting as
pursuers and a target serving as the evader, constrained
within a bounded dynamic convex environment @ C R2.
The positions of pursuers are p; = (xfp,yfp) € Q,ip
1,2,---,N,, and the position of the evader is p°
(z°,94°) € Q. Assume that the motion of both the pursuers
and the evader can be described by the same dynamical
equations:

pfp(t)zvzp ()7pfp(0):pg7ip7ip:1727' '7Np (10)
P (1) = v (1), p°(0) = p;

where vfp (t) and v© (t) represent the velocity inputs of the
pursuers and the evader, respectively. pg%, p§ € @ are the
initial positions of the pursuers and the evader. To ensure
the successful encirclement of the target by the UAVs, it is
assumed that their maximum speeds are the same:

(t) ”2 < Umaazs ”Ve (t) HQ < Umaz (11)

In practical situations, the UAVs typically possess speeds
that are greater or equal to those of the moving targets, that is,
vap () |l2 = ||v® (¢) ||2. To complete the encirclement, NN,

Iv?,

hunting points (p?h = (xfh,ylhh) ) are uniformly generated
along a circumference with a radius of rj, centered around
the evader. The objective of target hunting is to enable the
UAVs to reach the hunting points in the shortest time:

N,

p

1Y (te) — PP (te) |2 < Feyin = 1,2, - (12)

where t. is the capture time, 7. is the manually defined
capture radius.

)

B. Pursuit Using Voronoi Diagram

Consider a set of points P = {pe,pf,pg,,~~ ,pg’vp}
representing the positions of the pursuers and the evader.
Define V (Q) iVe7 VeV, 7va’p
Voronoi partition of the bounded dynamic convex environ-
ment (), where V¢ is the Voronoi Cell (VC) of the evader,
and Vp is the VC of pursuer ip. N; = {1,2,--- , N, } is the
set of UAV indices. The VCs are glven by

ve={peq|lp—pl <lp—pl,I.vi, € N}
V2 ={p e qp—p} | <min(lp - pl.Ip - p},|
vipvjjo S Ni»jp 7£ ip}

as the standard

).

13)
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Fig. 7: The VCs and BVCs.

The mathematical interpretation of a Voronoi diagram
involves partitioning the plane into multiple polygons, each
containing exactly one generating point. The points within
each polygon are closer to the corresponding generating point
than to any other generating point. In the pursuit-hunting
game, the target and UAVs are used as the generating points.
V¢ represents the safe-reachable area of the target, and Vi
represents the hunting area of pursuer ¢,.

In a standard Voronoi diagram, the VCs share common
edges. When the UAVs move within their respective VCs,
there is a risk of inter-UAV collisions due to excessively
small distances between UAVs. Based on the Voronoi dia-
gram, the concept of buffered Voronoi cells (BVCs) is in-
troduced. We define *V (Q) = {bVE, byPevy .. ,bV]@p
as the buffered Voronoi partition of ). The BVCs of P are
given by

wve={peqlp-pl<lp-pll-
"2 ={p e qllp—pl || <min (Ip—p°Il. Ip - p}, )

- prv%;jp S Niajp # Zp}

re, Wiy € Ni}

(14)
where 7, and r,, represent the weights of the buffer distances
between BVCs. Given a minimum safe distance d for inter-
UAV collision avoidance, we have

e = ds||p° _pr”vip € Np
_ {d8|p€p - pi“ajp €N,
. =

ds|[p}, —p°ll.e € Ny,
where N,, is the set of UAV indices that are Voronoi
neighbors of a UAV, and e is the index of the evader. The
differences between the standard VCs and the BVCs are
shown in Fig. 7.

15)

C. Goal Point Generation

Based on the computed BVCs, we developed a distributed
hunting strategy. The proposed strategy can be divided into
two stages. Given a appropriate distance constant dj,, when
Hp,’i’p — p¢|| > dp, we adopt a global area-minimization
strategy to minimize the BVC area of the evader. Calculating
the optimal goal points via the evader’s BVC area differential
is slow. A common approximation uses the midpoints of the
shared edges between the evader’s and pursuers’ BVCs. If



there are no shared edges between a pursuer and the evader,
the evader is set to be the goal points. When ||p} —p°[|<dp,
we consider that the pursuers have largely completed the
hunting process. At this stage, the pursuers are set to fly
directly towards the hunting points p?h to form an encir-
clement.

O Initial goal points /\ Final goal points O Hunting points

° PY y :
A A//o,’
v 0,/ Lo @
"""""" @ —20 ] / @
o ® [ ([ ]

(a) (b)

Fig. 8: Diagram of generating goal points.

We define g; as the initial flight goal point of purser ;.
As illustrated in Fig. 8, the generated goal points may not be
located within the BVCs. To avoid inter-aircraft collisions,
we adjust the goal points by connecting the UAV and the
goal point with a straight line, relocating the goal point to
the intersection of this line and the BVC boundary, which
is denoted as g:.‘p. Finally, each UAV inputs the locally
computed g;*p into the low-level control system to enable
swarm control.

V. EXPERIMENTAL RESULTS

A. Experimental Platform
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Fig. 9: The integrated micro-UAV platform.

To validate the proposed relative positioning and control
framework, we integrated sensing, computing, and commu-
nication units into a microsystem, and formed a 150 g typical
micro-UAV, as shown in Fig. 9. The sensors for relative
measurement were introduced in Section II. For computation,
we employed a RISC-V MCU to run lightweight neural
networks on-device for processing visual information, and
utilized two ARM Cortex-M33 MCUs to handle sensor data
fusion, DGO computations, and control algorithms. Inter-
UAV communication is achieved through UWB, transmitting
data packets of less than 100 bytes at a rate of 10 Hz.
This data includes local DGO solutions, control commands,
among other information. The integrated core unit of the
UAV operates at a power consumption of 2.3 W. Compared
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to existing high-computation vision-based UAV systems, the
developed system effectively reduces weight and energy
consumption.

B. Field Experiment of Autonomous Swarm Formation Flight

To validate the capability of the proposed framework to
achieve autonomous flight without external infrastructure,
we conducted an outdoor long-distance formation flight
experiment using four micro-UAVs. The swarm flew 80 m
at a speed of 1 m/s while maintaining a square formation.
Relying solely on onboard multimodal sensors and the rel-
ative position-solving algorithm, the swarm achieved real-
time measurement and calculation of their relative positions.
We used GNSS-RTK modules to obtain the ground truth
positions of the UAVs. It is important to note that the RTK
modules did not participate in the solving process.

As shown in Fig. 10, we compared the proposed rel-
ative positioning framework with the method using only
the UAVs’ self-pose estimation. It is observed that the
UAVs maintained stable square formation flight throughout
the entire duration while operating the proposed relative
positioning framework. In contrast, the UAVs exhibited sig-
nificant positional drift when relying solely on their self-pose
estimation, potentially leading to inter-UAV collisions.

We further conducted three sets of quantitative comparison
experiments. The flight trajectories of the swarm and the
relative positioning error curves are plotted in Fig. 11. Specif-
ically, taking UAV1 as the reference, the relative positioning
errors between UAV1 and UAV2, UAV3, and UAV4 were
evaluated separately. The results indicate that in all three
experimental sets, the relative positioning error of the self-
pose estimation method shows a linear increase over time.
This is attributed to system drift caused by the accumulation
of measurement noise during the integration of inertial
sensor data. When applying the proposed relative positioning
framework, the estimated trajectory closely aligns with the
ground truth, effectively mitigating dispersion drift within
the cluster. This is because the proposed framework not
only solves relative positions but also couples them with
pose estimation feedback. This enables iterative correction of
swarm dispersion drift, while featuring high precision and a
lightweight design. As shown in TABLE I, across the three
experiments, the average relative position errors calculated
using the proposed method are 0.202 m, 0.338 m, and 0.247

TABLE I: Relative positioning error in formation flight

Relative positioning error (m)

No. Method
UAV1-2 UAVI1-3 UAVI1-4 Average
| Self-pose  3.065 3.355 4.264 3.561
Proposed  0.302 0.158 0.147 0.202
’ Self-pose  1.910 4.524 6.073 4.169
Proposed  0.278 0.301 0.435 0.338
Self-pose 1.30 1.359 3.150 1.938
Proposed  0.184 0.209 0.346 0.247
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The relative positioning errors in the three sets of experiments

m respectively, demonstrating stable error magnitudes. In
contrast, the average relative position errors derived from the
onboard pose measurement system are 3.561 m, 4.169 m, and
1.939 m. These field experiments validate the effectiveness
of the relative position solving framework based on DGO.

C. Experiment of Swarm Autonomous Target Tracking

Combining the proposed relative positioning framework
and the Voronoi-diagram-based distributed control scheme,
we validated the swarm’s control and decision-making ca-
pabilities through dynamic target tracking experiments. Six
UAVs were utilized in the experiment. Three UAVs were
responsible for locating the target, while the other three
tracked it. The UAVs had a maximum speed set to 1.1 m/s
and a maximum acceleration of 1.4 m/s?>. The human target
object moved in an unstructured manner at a maximum speed
of approximately 1.0 m/s.

The flight trajectories of the swarm during the cooperative
tracking process are depicted in Fig. 12. During the initial
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11: Results of the formation flight experiments. (a)-(c) The flight trajectories in the three sets of experiments. (d)-(f)

phase (t=10 s to 12 s), the target maneuvered at its maximum
speed of 1 m/s. At this point, the swarm rapidly formed a
triangular interception formation using the Voronoi diagram
planning method. Notably, at t=22 s, the target abruptly
changed direction to execute a strategic evasion maneuver.
The swarm re-planned its target points via the Voronoi
diagram method, reconstructing the encirclement within 10
seconds, demonstrating excellent environmental adaptability.
This entire process was repeated four times, successfully
achieving stable tracking of the target.

The distance variation curves between the three UAVs and
the target, shown in Fig. 12, reveal the core convergence
characteristics of the swarm cooperative autonomous motion
control method. The results indicate that during all four target
captures, the distance curves between the UAVs and the
target reached a convergent state, satisfying the predefined
capture conditions. Operating within the dynamic system
performance limits of a maximum speed of approximately
1.1 m/s and a maximum acceleration of approximately 1.4
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Fig. 12: Trajectories and distance curves in the cooperative target hunting process.

m/s?, the swarm achieved stable tracking and capturing of
the target moving at its maximum speed of 1 m/s.

VI. CONCLUSIONS

This paper presents an all-onboard multimodal rela-
tive positioning and control framework for hundred-gram-
scale micro-UAV swarm. First, we propose a multimodal
inter-UAV relative measurement system based on Vision-
Optoelectronic-UWB fusion. Second, we develop a real-time
and omnidirectional DGO framework for relative position
computation. This solution is integrated with UAV pose
estimation to enable iterative refinement of positioning accu-
racy. Finally, we integrate the determined relative positions
into swarm cooperative target localization and implement
swarm control using a distributed Voronoi diagram approach.
Swarm flight experiments with 150 g micro-UAVs demon-
strate that by utilizing the proposed framework, the swarm
can autonomously complete long-distance formation flights
without GNSS or external base stations, achieve decimeter-
level relative positioning accuracy, and execute coordinated
tracking and encirclement of dynamic targets. The proposed
architecture is crucial for achieving autonomy in micro-UAV's
and enabling the emergence of swarm intelligence.
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