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Abstract—This article proposes an algorithm designed for
autonomous quadrotors to capture target quadrotors in complex
obstacle environments, enabling multiple pursuers to perform
distributed capture while simultaneously avoiding obstacles and
collisions. We first introduce a 3D obstacle space representation
method based on safety-priority reachable region (SPRR) and
implement real-time construction for general point cloud maps.
Subsequently, leveraging SPRR, we employ an area minimization
approach to ensure the effective capture of the evader within a
limited time. The outcomes are then integrated into a MINCO-
based trajectory planning framework to ensure their practical
execution by real quadrotors. Relying on SPRR, the optimization
problem is simplified and the solution efficiency is improved. In
the scenario of simulating the dynamics of real quadrotors, we
compare the proposed algorithm with state-of-the-art evasion and
pursuit methods, validating its effectiveness and advancements.
This work presents a practical solution for multi-quadrotor
collaborative capture.

Index Terms—multi-quadrotor, collaborative capture, trajec-
tory planning.

I. INTRODUCTION

Multi-quadrotor collaborative capture involves coordinating
multiple quadrotors to track and encircle one or more evading
targets using coordinated control strategies to prevent escape.
Fundamentally, this represents a multirobot pursuit-evasion
(MPE) game, which has gained significant attention due to its
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practical applications, including area searching and monitoring
[1], and target tracking [2].

A classical approach to solving the multi-agent collaborative
capture problem relies on differential equations, specifically
differential games based on the Hamilton-Jacobi-Isaacs (HJI)
equation, which provide optimal control strategies for effi-
cient capture in complex environments [2] [3] [4]. Another
formulation of the MPE problem is based on intelligent
methods. These methods leverage reinforcement learning to
train cooperative pursuit strategies, enabling quadrotors to
encircle and approach evading targets [5] [6]. They also
allow pursuers to learn the evader’s escape strategies and
adapt their pursuit strategies, ensuring that the cooperative
strategy cannot be exploitable by the evader [7] [8]. These
methods improve capture efficiency through innovative pursuit
algorithms, ensuring robust collaboration.

However, due to the difficulty in obtaining analytical solu-
tions to HJT partial differential equations and the curse of di-
mensionality in numerical solutions, differential game methods
face significant limitations in large-scale, high-dimensional
scenarios. Similarly, reinforcement learning-based methods en-
counter high computational complexity and challenges related
to environmental adaptability. In contrast, geometric control
methods, by simplifying the model, demonstrate higher effi-
ciency in handling multi-quadrotor collaboration and collision
avoidance, offering superior real-time performance.

Advanced studies on geometric control primarily focus on
pursuing the evader within a bounded environment, where the
evader often needs to be forced into a corner before it can
be captured [9] [10]. Pierson et al. developed a distributed
algorithm based on Voronoi partitioning and Voronoi area
minimization strategies to ensure that multiple quadrotors can
effectively capture an evader in a limited time [11]. Tian et
al. proposed a distributed algorithm using Voronoi diagrams,
dynamically adjusting each pursuer’s safe region to ensure



efficient cooperative capture in both obstacle-free and cluttered
environments [12]. Wang et al. introduced a method utiliz-
ing B-ECBVC (Buffered Evader-Centered Bounded Voronoi
Cells) to generate safe regions, aiding multiple pursuers in
capturing evaders in complex environments [13]. In follow-
up studies, Wang et al. further proposed the Obstacle-Aware
B-ECBVC method, which effectively avoids collisions and
ensures pursuit efficiency in dynamic environments [14].

These geometry-based control methods perform well in
2D scenarios but face limitations when applied to quadrotor
systems that rely on visual obstacle perception. Furthermore,
these methods often ignore the dynamics and kinematic con-
straints of real quadrotors, which can negatively impact their
performance in practical scenarios.

To address these issues, this article proposes an safety-
priority reachable region (SPRR)-based approach for multi-
quadrotor cooperative encirclement and capture. The proposed
method can adapt to the 3D flight environment and fully
consider the dynamics and kinematic constraints of quadrotor
to improve the feasibility and efficiency in practical applica-
tions.The main contributions are summarized as follows.

1)Fast and Efficient Strategy Generation: By combin-
ing Voronoi partition with obstacle-aware safety regions,
we construct SPRR for effective 3D obstacle space rep-
resentation. To enhance practicality and real-time perfor-
mance, we also implement a rapid SPRR construction on
point cloud maps. Finally, an area minimization strategy
is applied for efficient encirclement.;

2)Trajectory Planning Based on MINCO: To address
the challenge that current research often cannot be di-
rectly applied to quadrotor systems, we integrate our
strategy with the advanced trajectory planning frame-
work MINCO [15]. This allows for spatiotemporal joint
optimization of the quadrotor trajectory, ensuring safety
and effectiveness while enabling the quadrotor to fully
execute the cooperative capture strategy;
3)Experimental Validation: We conduct comprehensive
simulation experiments to validate the effectiveness and
advancement of our proposed method, demonstrates its
ability to rapidly and effectively achieve encirclement in
a quadrotor system based on visual obstacle perception.

The remainder of this article is organized as follows. In
Section II, the problem formulation is provided. Section III
first presents the construction of SPRR, then proposed SPRR
based capture strategy. Section IV presents trajectory planning
for executing cooperative capture strategy. Section V shows
experiments on the effectiveness and advancement of the
proposed method. Finally, Section VI concludes this article.

II. PROBLEM FORMULATION

Consider an MPE problem in a bounded convex environ-
ment Q C R?, involving N pursuers and a single evader, with
static obstacles. Let z;, 2. € Q fori € I' = {1,..., N} be the
position of pursuer and evader, respectively. Obstacle regions

are denoted as Q,,, where 0 € ® = {1,...,m}. The dynamics
of each agents are typically modeled as integrators [13].
i’e :@eanve” Sve, max (1)
i‘i = v, ||UZ|| < Up,maxvi cl
where v, and v; are the velocities of evader and pursuers,
respectively. We assume ve max = Up, max t0 model scenarios
where the pursuers do not possess speed advantage.

The evader’s policy is unknown. The pursuers’ objective
is to employ teamwork to corner the evader and capture it
within a limited time, ensuring that at least one pursuer enters
the capture radius 7.. The evader is captured at time ¢, when

D, = H}EIIQ i (te) — ze (te)ll < 7e (2)

Safety is ensured by maintaining a minimum distance
between quadrotors and obstacles, expressed as:
min |z (t) — x;(¢)|| > 2rs and z;(t) ¢ Qo
i,j €T, i#] (3)
for Vt € [0,t.],Vi € T and Vo €

The MPE problem is formally defined as follows::

Definition 1(MPE Problem): Given a random initial config-
uration x;(0), z.(0) € @ with D.(0) > r, find a cooperative
control law v; for each pursuer ¢ such that D, (t.) < r. for
some t. < oo and safety constraints(3) are satisfied for all £.

III. COOPERATIVE CAPTURE STRATEGY

This section addresses solving the MPE problem outlined
in Definition 1, focusing on devising control strategies for the
pursuers to capture the evader in a bounded convex environ-
ment with obstacles, while ensuring safety constraints are met.
Due to the fact that such an environment is typical non-convex,
directly modeling and solving strategies is challenging. To
address this, we simplify the 3D obstacle space by constructing
Safety-Priority Reachable Region (SPRR).The pursuer can
adopt the SPRR-based area minimizing capture strategy to
effectively capture the evader.

A. The Construction of Priority Reachable Region

Although the evader’s motion strategy is dynamic and un-
predictable, the effective capture can be achieved by reducing
the evader’s priority reachable region(PRR), which is defined
as the set of positions within @ that the evader can reach faster
than any other quadrotor [11]. In an obstacle-free environment,
for agents that follow single-integrator kinematic model with
equal maximum velocities, such a region can be represented
by Voronoi partition:

Ve={z € Q[ |z —z| <llz -l ,vieT} @
Vi={zeQl|llz -l <z -z, Vj#ii,j €T}

where V; and V, represent the PRR of pursuers and the evader
in an obstacle-free environment, respectively.

Based on the hyperplane separation rule [16], the Voronoi
partition of each quadrotor can be represented by a set of
hyperplanes, which divide Q C R? into two parts, inside and
outside part of the plane. As shown in Fig.1, the combination
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Fig. 1: Priority Reachable Region (PRR).Dashed lines indicate
hyperplanes separating each region. The illustration is in 2D
for clarity, with the 3D construction being analogous.

of the inside part of multiple hyperplanes can form a convex
region. Then, the definition of the PRR can be transformed
from (4) into the following form:

V.={XeQ|n'X<p,}
Vi={XeQ|n X <p,;Vj#iijeTl (5)
and n-X Spie}

where X denotes the vector from the origin to any point x in
Q. (ny1,,p;,,,) with l1,l € {T',e} and l; # l5 denote the
parameters of the hyperplane. The hyperplane normal vector
n and point on the plane p can be calculated by as follow:

X, +X
Nty = Xlll? = Xll - Xlzvpllnz = Xalz% (6)

B. The Construction of Safety-Priority Reachable Region

Different with previous studies [11], which focused on
obstacle-free scenarios, our work considers environments with
obstacles. Building upon the PRR, we further construct SPRR
based on obstacle perception.

The separating hyperplane in (5) ensures collision avoidance
between multiple quadrotors, so we only need to focus on ob-
stacle avoidance during the capture phase to guarantee safety.
To enable real-time obstacle detection and avoidance, we rep-
resent the quadrotor’s SPRR as a convex polyhedron formed
by multiple separating hyperplanes between the quadrotor and
obstacles.

H
vl{mmZ<n;z>TXgp;;,ze<r,e>,oe<1>} %

h=1

where V; represent the safety reachable region of quadrotor
I e (Te). <nfo,pf‘0>7h = {1,...,H} defined the set of
parameters for the hyperplanes forming V. Note that the
number of hyperplanes is not fixed, as it depends on the
relative position of obstacle region and the quadrotor. Different
with other studies that assume obstacles are strictly convex
regions with known vertices [14], we directly calculate the
separating hyperplane parameters based on the point cloud
map 2_obs constructed by the quadrotor’s visual perception
system. The algorithm is outlined in Algorithm 1.

To ensure real-time strategy generation, we accelerate the
search process by using the KD-Tree for rapid retrieval of the

Algorithm 1 Construction of SRR Based on Point Cloud Map
Input: z, € Q,r,, Q_obs
Output: V),

1: for p=1to N and e do

2: Q_remain = Q_obs;

3. while PointCloudNum (§2_remain ) > £ do

4 Find o_near: the nearest obstacle point to y;

5: Calculate the parameters (nl',, ph ) using (8);

6 Update €)_remain: remove point clouds outside the
hyperplane;

7:  end while
8 Add (nl,,ph,) to the set of hyperplane parameters V.
9: end for

nearest obstacle point o_near in the point cloud map. The
parameters(n/. , pl Ycan be expressed as follows:

nfo = Xlo_nem" = Xl - Xo_near
Xlo_near (8)

o_near T Ts ||X
lo_near ||

Considering the quadrotor’s physical size, we ensure effec-
tive obstacle avoidance in practical scenarios by offsetting
the hyperplane away from the obstacle by a safety radius
rs. As shown in Fig.2, by combining (5) and (7), the final

p, =X

Fig. 2: Safety-Priority Reachable Region (SPRR).
representation of the SPRR is defined as follows:

Re={X €Q|n"X <p,(n,p) € {(nei, Pei) (Meos o)} |

(Nie, Pie) » <nij’pij>
<ni07 pio>

} (C))

This section presents the capture strategy from [17], which
minimizes the evader’s activity space. However, we generalize
it to 3D obstacle environments by leveraging the SPRR.

The area of the region that evader can reach faster than
other quadrotors is defined as V. = fR dq. According to the
definition in (9), the dynamics of V. are:

Ri:{XeQInTXSn(mP)E{

C. SPRR-Based Area Minimizing Capture Strategy

(10)

7
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It is obvious that V. is determined by both the evader’s
motion strategy @, and the pursuer’s strategy &;. The evader’s
motion strategy is unpredictable to the pursuer, but the pursuer
can implement a strategy that gradually reduces evader’s SRPP
area V. over time to achieve capture. We can decouple the
pursuer’s terms in (10), isolating them as g? Z;.

After decoupling, the pursuer can follow the motion strategy
in (11), which aligns with the gradient descent direction of Ve,
ensuring the fastest reduction of the evader’s SPRR.

Ve
vi:ii:—‘ami (11)

Ve
8Ii

Next, we will derive how to calculate this strategy. Using
the Leibniz Integral Rule, V. can be simplified as:

V 72/ 17(Ie7Q)Tie d
i, ||xz —zell  ei—ael | -
o Z )Tjj,_ Z Ai(l’e—csi)T.
iEN. ”xz - iUeH ' iEN. Hfz — | ‘

where NN, denotes the set of pursuers ¢ sharing a boundary
with the evader e, and s; represents the shared boundary. The
area of shared boundary is described as A, = f dq, and the
centroid of shared boundary is C, A f qdq

By comparing (10) and (12), it is ev1dent that g% =

Ve(zi—C,)"
W Substituting this conclusion into (11), the final

capture strategy for the pursuer becomes:
C s €T;
ICs;

Physically, this strategy directs the pursuer towards the
centroid of shared boundary with the evader.

(13)

v; =
— x|

IV. TRAJECTORY PLANNING

In this section, we mainly discuss how to effectively execute
capture strategy on real quadrotor. Our trajectory planning
consists of two main parts, namely front-end path search based
on Hybrid-A* and back-end trajectory optimization based
on MINCO [15]. Guided by cooperative capture strategy in
(13), a safe and smooth executable trajectory that satisfies the
quadrotor’s dynamics is ultimately generated.

A. Hybrid-A* Based Path Search

To find an executable trajectory from the current position to
the target point in (13), we use the hybrid-A* [18] for front-
end path search. The framework is similar to A*, but straight-
line edges are replaced by motion primitives that represent
quadrotor dynamics. Due to space constraints, we only discuss
the motion primitive generation and penalty-heuristic design
in hybrid-A*, without repeating the classic A* framework.

Given the initial state x(0) and control input u(t), the
trajectory is determined. In hybrid-A*, each node’s initial state
is fixed, and with a discretized control input set Up C U

and duration 7, each axiS [—Umax, Umax] 1S discretized into
{=Umax; —(r— 1) /TUmax,--., (r = 1)/TUmax, Umax }>» geN-
erating (27 + 1) motion primitives per state node.

To minimize trajectory time and control effort, we define
the cost function as:

T
J(T) = / lu(t)[2dt + pT

In the A* graph, the edge cost from discrete control input

(14)

g and duration 7 is e, = ( |lug||® + p) 7. The total cost from

the start to the current state is g = > r_, (Hud,c 12+ p) T.

We design the heuristic using Pontryagin’s minimum prin-
ciple to compute the optimal trajectory The cost function is
defined as J*(T) = 3 c(, oy (50017 + @, 8,77 + B2T).

To minimize J*(T'), we solve for Th using 8‘]87(?) =0, and
use J* (T},) as the heuristic. The total cost is f. = g. + h. =
i (llual® +p) 7+ T (Th).

In summary, hybrid-A* improves upon A* by considering
dynamics in front-end path search, offering a better initial
guess for back-end trajectory optimization.

B. MINCO Based Trajectory Optimization

The basic requirements for the planned trajectory x(t)
include dynamic feasibility and safety. Meanwhile, minimiz-
ing control effort for a smoother trajectory is preferred. To
effecively execute the pursuit strategy, we aim to reach the
target in the shortest time, considering both the terminal state
and execution time. In conclusion, the requirements for the
shortest-time pursuit lead to the following problem:

T 2
min J, = / HNW)H dt + pT (15a)
I(t),T 0
st. T >0, (15b)
2E(0) = 7., 27T = 74, (15¢)

Hx(l)(t)H < vy, ‘x(z)(t)H < ap, ¥t € [0,T], (15d)
Ta(t) < p,vt €[0,T], (15¢)

where (15a) formulates a spatiotemporal optimization prob-
lem for the trajectory, balancing trajectory smoothness and
time optimality. (15b) represents general constraints on time
feasibility. (15¢) imposes terminal state constraints on the start
and end positions. (15d) ensures dynamic feasibility, with
Um, A as velocity and acceleration boundaries. (15¢e) defines
safety constraints, ensuring obstacle avoidance by constraining
the trajectory within the SPRR defined in Section III-B. (n, p)
are hyperplane parameters described in Section III.
The polynomial trajectory Tynco defines trajectories as:

SMINCO = {:L’(t) : [O,T] = RS | C = M((LT),

. (16)
a e XMV, T e RY}

An 3-dimensional trajectory z(t) is represented by a piece-
wise polynomial with M segments and degree N = 2s — 1,
where s = 3 for obtaining a smoother trajectory. Trajectories
are compactly parameterized by the waypoint vector q and



time vector T, using the linear-complexity mapping ¢ =
M(q, T). The i-th piece is denoted by p;(t) = ¢l 3(t),t €
[0,T;] ,¢; € R**3 is the coefficient matrix of the piece and
Bt) = (1,¢,... ,tN)T is the natural basis.

C. Optimization Problem Solving

A constrained non-convex optimization problem cannot be
solved directly. We transcribe the constraints into penalty
terms, transforming (15) into a unconstrained nonlinear op-
timization problem as

min J, + w,J, (17)
c,T

where w, is the weight. 7, is described in (15a), the gradients
can be evaluated as

T;
%j" =2 (/ BE ) BB (1)T dt) ¢,
“ ° (18)

9To _ 1 4G) (1) 33) (7T .
T, =c; B\ (T;) B* (T3) " i+ p.

Continuous time penalty function, corresponding to (15d)
and (15e), can be described as
y h = nsz( )
{00 -

p <0, vt € [0, 7],

, Vtel0,Ty], (19)

V2, <0
H a2, <0, Vtel0,Ty.

Through sampling methods , infinite constraints on continu-
ous time can be transcribed into finite constraints [15], which
can be further used to construct the penalty term 7. as follow.

T' K B . 3
— K—Zzowj max {y* (ci,Ti, li) ,O] ,
J:

M
jr = ZIi*a* = {h,v,a},
1=1

0F, _ 0T 0V, 9F, _ T j OI; V.
aCi B 83)* aci ’ 8Tl n Ti Kj 8)2* ot ’

OTr T o i\ Al
= 3E;WT max {y* (cT K) ,0} :

% ] = 17 Ri
1 other
equidistant integration rule, which has been proven to better
estimate continuous time penalty terms numerically [15].

V. SIMULATIONS

We design two experiments that provide an in-depth analysis
of the proposed SPRR-based cooperative capture strategy,
demonstrating its advantages in terms of both effectiveness
and advancement. We set the capture distance r. = 0.4m
and the safety radius r. = 0.3m. Without losing generality,
Wwe Set Ve max = Up, max = lm/s. As shown in Fig.3, the
experimental scenario is a 25 m x 25 m x 5 m bounded area
with randomly generated obstacle point clouds simulating the
feedback from the quadrotor’s visual perception system. The

(20)

where ©; = is a weight based on the

Fig. 3: Simulation experiment environment, where the regions
composed of blue squares represents obstacle (),, the red
spherical quadrotor represents the pursers, the blue spherical
quadrotor represents the evader, and the colored convex region
represents the SPRR R, and R; of each quadrotor.

data is visualized as voxel grid map, which is commonly used
in quadrotor systems. The colored convex regions represent
the SPRR regions constructed by the proposed method. In
this large-scale scenario, the time to generate the SPRR and
complete strategy generation ranges from 3 to 10 milliseconds,
meeting the real-time requirements of quadrotor systems.

A. Expl: Effectiveness Validation Experiment

In this section, we apply the proposed SPRR-based capture
method against state-of-the-art escape strategies to evaluate its
effectiveness in achieving capture within a limited time. The
advanced escape strategies include:

1) The Greedy Policy (GP) aims to move the evader away
from the nearest pursuer z,,. The control strategy under GP is
given by &c1 = ||ve, max” 79””-

2) The Move-to- Centr01d Pohcy (MCP) in [11] balances the
pressures from surrounding pursuers by moving the pursuer
towards the centroid of the Voronoi partition. The control
strategy under MCP is given by @co = |ve, maxH c me”

3) The Potential Field Policy (PFP) in [19] ena%les the
evader to react more agilely to the pursuer team’s move-
ments. The con(trol sgrategy under PFP is given by &.3 =
> B mrei_pi +ze

ke(eeri) |

||ve,maX|| ‘

To demonstrate the effectiveness of the proposed method
more effectively, we introduce three performance metrics:
(1)Capture Distance: the distance between evader and nearest
pursuer;(2)Obstacle Avoidance: the nearest distance between
the pursuer and the nearest obstacle;(3)Collision Avoidance:
the nearest distance between pursuers. As shown in Fig.4, the
results confirm that the proposed method achieves effective
capture while ensuring safety when countering the state-of-
the-art evasion methods.

B. Exp2: Advancement Validation Experiment

In this section, we compare the proposed method with state-
of-the-art multi-agent collaborative capture methods, using
capture time to demonstrate the algorithm’s advancement. The
current advanced pursuit methods include:



Fig. 4: (a), (b), and (c) represent the capture distance, obstacle
avoidance, and collision avoidance under GP, respectively.
Similarly, (d), (e), and (f) represent the performance under
PFP. (g), (h), and (i) represent the performance under MCP.

1)Buffered Evader-Centered Bounded Voronoi Cell (B-
ECBVC) methods [12], in which pursuers initially leverage
their speed advantage to encircle the evader before capturing;

2)Buffered Voronoi Cell-based Greedy Capturing (BVC-G)
methods [13], where pursuers move towards the point in the
BVC that is closest to the evader to capture it.

The results of Expl clearly indicate that the MCP method
outperforms other methods by effectively balancing the pres-
sure exerted by all pursuers, resulting in superior evasion
performance. Therefore, in Exp2, all evaders adopt the Move-

to-Centroid Policy uniformly.
gj Il

0 5 10 15 20 25 30 35 40 45 Ours.
Relative Time (s)

Capture Distance

Distance (m)
w
CaptureTime(s)
2
3

(capture Radius = 0.4

B-ECBVC BVC-G
Methods

Fig. 5: Single experiment ~ Fig. 6: Repeated experiments

As shown in Fig.5, in a single trial, the proposed SRPP
method achieves effective capture of the evader in a shorter
time. Note that the safety throughout the pursuit process is
consistently maintained. Due to space constraints and the
validation of algorithm’s safety in Expl, safety data is not
repeated in Exp2. To further demonstrate the advantage of
the proposed method in capture time, we conducted 100
repeated experiments with different initial positions in the
same scenario. As shown in Fig.6, our algorithm achieves the
minimum average capture time.

VI. CONCLUSION

This article proposes a multi-quadrotor cooperative algo-
rithm for encirclement and capture in obstacle environments.

Compared with previous research, its significant advantage lies
in its ability to be applicable to real quadrotor systems based
on visual obstacle perception. Extensive adversarial and com-
parative experiments demonstrate that our algorithm can fully
ensure safety during the capture, and its capture efficiency is
also superior to state-of-art methods. And the entire strategy
generation process can be completed within 3—10m.s, meeting
the real-time requirements of real quadrotor. The limitation
lies in the algorithm depends on the global positions of all
agents, which is not addressed here. Future work will focus
on localization and target estimation to enhance autonomy.
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