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Abstract This paper proposes a novel method for multi-robot collision avoidance during a hunting task, within a probabilistic uncer-
tainty framework. First, to minimize the total hunting time, this paper transforms the multi-robot hunting task assignment issue to
a multi-objective problem by considering some necessary factors that may affect hunting efficiency, including distance, the number of
obstacles, and the adaptation between pursuers and evaders. Then, an improved K-means clustering algorithm is proposed to allocate
the pursuers to evaders, and the auction algorithm is designed to solve the multi-objective problem. Additionally, by taking into account
the positional uncertainty of robots and obstacles, the Buffered Uncertainty-Aware Voronoi Cells (BUAVC) of robots are constructed to
guarantee the probabilistic conditional anti-collision measures between robots, as well as between robots and obstacles. In the Buffered
Uncertainty-Aware Voronoi hunting framework, a greedy switch pursuer control strategy is designed to enhance hunting capability, which
minimizes hunting time as much as possible while satisfying the probability anti-collision condition and considering the ‘deadlock’ prob-
lem. Finally, simulation experiments are conducted to illustrate the superiority of the proposed strategy with shorter global hunting time
and total travel distance by comparing it with other existing methods.
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1 Introduction

With the progress of society, the utilization of multi-robot hunting has become increasingly important in enhancing
law enforcement efficiency and ensuring safety [1,2]. The problem of multi-robot cooperative hunting is a typical
research area in multi-robot coordination and collaboration [3]. It finds applications in various domains such as
military, industrial, and agricultural fields, and has garnered significant attention from researchers [4].

In multi-pursuer and multi-evader situations, the issue of pursuers selecting evaders can be regarded as a multi-
objective task allocation problem. In this paper, we comprehensively analyze the various factors that influence
the efficiency of multi-robot cooperative hunting, formulating it as a multi-objective optimization problem solvable
using the improved K-means algorithm and the auction algorithm. Moreover, in dynamic and complex hunting
environments, uncertain robot positions caused by measurement errors can increase the risk of pursuer collisions.
Therefore, effectively handling positional uncertainty is crucial for robot collision avoidance. Additionally, a rational
task allocation method is beneficial for optimizing hunting efficiency. To address these aforementioned challenges,
this paper proposes a novel distributed method for multi-robot collision avoidance cooperative hunting in dynamic
and complex environments. In this paper, some uncertainties in robots’ and obstacles’ positions are considered to
obey a Gaussian distribution. Under the Buffered Uncertainty-Aware Voronoi structure, a safety region for the
pursuer’s movement is established, ensuring that the pursuer’s trajectory remains within this area until it reaches
the intended hunting point.

The main contributions of this paper can be summarized as follows.
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e To improve the global hunting efficiency, a two-step multi-robot task allocation structure is proposed. First, the
pursuers are allocated to evaders based on an improved K-means algorithm. Second, the pursuers are matched to
the hunting points around their corresponding evader based on an auction algorithm. Furthermore, some necessary
factors that influence the global hunting efficiency are analyzed, and the task allocation issue is expressed as a
multi-objective model.

e Under the framework of probabilistic uncertainty, the Buffered Uncertainty-Aware Voronoi Cells (BUAVCs) of
robots are constructed to guarantee the probabilistic conditional anti-collision measures between robots, as well as
between robots and obstacles, ensuring the successful completion of the hunting task.

e In the Buffered Uncertainty-Aware Voronoi hunting framework, a greedy switch pursuer control strategy is
designed to enhance hunting capability, which minimizes hunting time as much as possible while satisfying the
probability anti-collision condition and considering the ‘deadlock’ problem.

2 Related work

2.1 Multi-robot hunting methods

Multi-robot cooperative hunting methods have seen rapid development in recent years. The existing multi-robot
hunting methods can be broadly categorized into several categories, including game theory-based methods [5, 6],
reinforcement learning algorithm-based methods [7], consistency-based methods [8,9], the artificial potential field
method [10], swarm intelligence methods [11], Voronoi diagram-based methods [12], just to name a few. Nowadays,
game theory-based methods, reinforcement learning algorithm-based methods, and consistency-based methods are
the hottest research topics, which are first reviewed in the following.

2.1.1 Game-based hunting methods

As the predominant method for analyzing the issue of pursuit-evasion, game-based hunting methods concentrate
on designing optimal strategies for both pursuers and evaders. The strategic games [5,13] and the numerical
games [14] are two prominent research directions. The strategy game centers on determining the winner in the
current situation. Following the determination of the winner, the numerical game scrutinizes the optimal strategy
for securing victory. Isaacs proposed the classical two-person pursuit game model and extended the Hamilton-
Jacobi-Bellman equation to the Hamilton-Jacobi-Isaacs form [14]. While prior studies have emphasized pursuing
low-speed evaders, Chen et al. investigated pursuit strategies for capturing evaders in high-speed motion [13].
Bera et al. utilized turning radius and turning direction as control variables, dividing the strategic state space
into capture and escape zones [15]. Simultaneously, they provided the time-optimal pursuit-evade paths within
the capture zone. Note that the game-based hunting method typically requires solving optimization problems or
equilibrium states, which may be time-consuming, especially when the number of pursuers and evaders is large.

2.1.2  Reinforcement learning-based hunting methods

Reinforcement learning-based hunting methods concentrate on acquiring information about unknown hunting en-
vironments. Common reinforcement learning methods include Deep Q-Network [16], Deep Deterministic Policy
Gradient [17], and Asynchronous Advantage Actor-Critic [18]. Among the existing reinforcement learning-based
hunting methods, model-free approaches are the most commonly utilized [7], which can be divided into the value
function-based approach and the policy-based approach. Bilgin et al. explored the combination of Q-learning
with qualification tracking methods for the multi-robot hunting problem [19]. Cao et al. designed a fuzzy-based
hierarchical reinforcement learning hunting method based on the potential field. Unlike other algorithms that neces-
sitate repetitive training for parameter determination, this method autonomously acquires all necessary parameters
through learning [20]. However, the reinforcement learning-based hunting methods may require a large number of
trials and training to find the optimal solution. In complex environments, this method may be limited by real-time
performance and resource consumption.

2.1.3  Consistency-based hunting methods

Consistency-based hunting methods can also be considered an encirclement control method that prioritizes min-
imizing hunting system errors to enhance the probability of successful hunting. These methods primarily rely
on relative distance and angle information for controller design. Regarding the design of pursuer controller with
kinematic constraints, Chen et al. employed graph theory and dynamic theory to investigate the encirclement
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control of a first-order integral robot problem [21]. In recent years, the issue of motion constraints for pursuers
has been gradually gaining attention in both theoretical research and engineering practices. Neglecting this issue
in the process of controller design can lead to reduced control effectiveness in practical applications and may even
compromise the stability of the entire system. In the scenario of pursuer motion constraints, Yu et al. considered
the problem of velocity-constrained, non-complete moving ring-envelope control for a mobile pursuer [22]. In gen-
eral, the consistency-based hunting method only focuses on the state consistency of the multi-robot system itself,
without considering the obstacle avoidance in the environment, which may not be suitable for complex dynamic
environments.

2.1.4  Voronoi diagram-based hunting method

In recent years, the Voronoi diagram-based multi-robot hunting method has gained significant attention due to its
advantages, such as distributed construction and planning, the absence of the need for additional information, and
effective obstacle avoidance. Pierson et al. proposed a Voronoi diagram-based hunting method that successfully
hunts evaders using only knowledge of the robot’s location in the environment, aiming to reduce the evader’s
reachable safety area [23]. Wang et al. proposed a method for computing high-quality collision-free paths based
on the Voronoi diagram [24]. Chi et al. investigated a path planning method in complex dynamic environments
based on the Voronoi diagram [25]. Tian et al. presented a novel approach for addressing robot collision issues
within obstacle-laden environments using a Voronoi-based method, which took into account the physical radius of
each robot and introduced dynamic weighting to the Voronoi boundary between the robot and the obstacle [26].
However, current Voronoi diagram-based hunting methods assume that the robot’s position is fully known. In
reality, it is difficult to obtain accurate position information of the robots. Therefore, in scenarios where GPS
signals are weak, communication conditions are poor, and high safety requirements for robots, such as underwater
exploration, rescue missions and the hunting tasks of unmanned aerial vehicles or maritime autonomous surface
ships, the uncertainty of position is crucial to be considered for ensuring the safe collision avoidance of hunting
robots. Inspired by the work in [24], Zhu et al. proposed a collision avoidance path planning method based on the
BUAVC under probabilistic conditions [27]. This method addresses the challenge of collision avoidance between
robots and obstacles by considering uncertainties in the environment. However, the method does not consider the
hunting scenario, which motivates the work of this paper.

2.2 Task allocation methods

In multi-pursuer and multi-evader situations, a rational task allocation method is beneficial for optimizing the
hunting efficiency. Dong et al. utilized clustering to initially assign pursuers to evaders. Subsequently, they
employed an auction algorithm to assign hunting points to the pursuers [28]. However, the considered environment
is obstacle-free, and the allocation metrics are calculated solely based on distance. In a complex and dynamic
hunting environment with obstacles, there are multiple indicators that influence efficiency and robot safety, including
obstacle distribution, inter-robot distances, and relative positions of robots, and others. These indicators may have
conflicting effects on efficiency and robot safety. Therefore, considering only a single indicator, such as distance, for
task allocation is insufficient to maximize overall efficiency. Instead, a comprehensive approach is needed that takes
into account multiple aspects and considers the impact of several indicators on efficiency. This can be viewed as a
multi-objective task assignment problem, where the goal is to find a balance among different objectives to achieve
the best overall performance. Inspired by the analytic hierarchy process (AHP) in a multi-criteria selection [29],
a multi-objective task allocation model is proposed, solvable using the improved K-means algorithm and auction
algorithm in [28,30].

To the best of the authors’ knowledge, little attention has been paid to the issue of collaborative multi-robot
hunting within an uncertainty framework. Based on the ideas presented in [23,26,27], we propose a distributed real-
time collision avoidance hunting method specifically designed for robots operating in environments with probabilistic
uncertainties.

3 Problem description and preliminaries

3.1 Multi-robot hunting problem statement

Considering that there are np pursuers, ng evaders, and m obstacles in a two-dimensional space, the total number
of robots is ny = np + ng. Each robot (both pursuers and evaders) i € N'r = {1,...,ny} is characterized by its
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Figure 1 (Color online) Distribution of hunting points.

position p;. In particular, the positions of pursuers are expressed by P;,i = {1, ...,np}, and the positions of evaders
are expressed by E;,j = {1,...,ng}.

In practice, the positions of robots and obstacles are subject to uncertainty due to sensor errors and random
noise. Therefore, there exists uncertainty in the positions of both robots and obstacles within the environment.
The location of each robot i € N g = {1,...,n7} can be described as a Gaussian distribution with covariance ¥;:

pi ~ N (0i, %), i = (i, %), (1)

where p; is the expectation of the Gaussian distribution.
The position of each obstacle 0,0 € N, = {1,...,m} is described as

(’)oz{x—l—do|xe@o,dow/\/(0,20)}, 2)

where d, represents the uncertain part of the obstacle’s position and O, is determined by a set of vertices.

Assumption 1 ([31]). It is assumed that each robot i can access to the position information of other robots
pj,j # i and obstacles O, in real time.

Assumption 2 ([26]). It is assumed that all robots in the environment (both pursuers and evaders) have the
same maximum reachable velocity, i.e., ||v;|| < vi maa-

The objective of the majority of existing multi-robot hunting methods is to reduce the distance between pursuers
and evaders. A successful capture is typically defined when the distance between a specific pursuer and evader falls
below a predetermined threshold value r., i.e.,

1Pi(t) — E; (t)]| < re. (3)

However, in practice, this approach to multi-robot hunting may allow the evaders to escape. Hence, the successful
capture conditions based on pursuer tracking of virtual hunting points are proposed [28]. Figure 1 illustrates a
multi-robot hunting scenario with three pursuers as an example, showcasing the distribution of hunting points.
These hunting points are strategically positioned around the evader and serve as target locations for the pursuers’
movements. The set G = {g1,...,gn, } represents the goal locations of the pursuers, g; = (:vé, yé) can be calculated

[x ]
yg

where R is the encirclement radius that effectively restricts the movement of the evader, (Zg, §g) is the expectation
location information of evader, a = 27t/q is the angle formed by the neighboring hunting points and the evader,
and ¢ is the number of hunting points around the evader.

Rcos(a - z)] N l:ﬁE

Rsin(a - i) IE

],i:{l,l...,q}, (4)

Definition 1 (Successful hunting [28]). When all pursuers reach the designated hunting point, it is stated that
the pursuers hunt the evaders successfully, i.e.,

HIA)l—gZ||<’IQ,Z:{1,2,,TLP}, (5)

where 7 is the distance threshold.



Zhou M, et al. Sci China Inf Sci February 2026, Vol. 69, Iss. 2, 122207:5

3.2 Probabilistic collision avoidance

Due to the inherent uncertainty in the positions of the robot and the obstacles, their collision can no longer be
considered a deterministic event. The objective of this paper is to achieve the multi-robot hunting performance in
(5) under the dynamic environment within an uncertainty framework.

To guarantee collision avoidance, all pursuers and evaders in the environment have a safety radius denoted as
rs. Considering two robots with deterministic positions p; and p;, the distance between robots that allows them
to avoid collisions is

dis (pi, p;) = [lPi — Pl = 2rs. (6)

Similarly, considering a robot and an obstacle o with deterministic positions p; and O,, the distance between
the robot and obstacle that allows it to avoid collision is

di i, Qo) = i i = Ts. 7
is (pi, Oo) = min |[pi —pf >r (7)

Under probability conditions, the collision avoidance constraints in (6) and (7) can be described as probabilistic
events. This can be formulated as follows.
Definition 2 ([27]). A robot i at position p; ~ N (P;, ;) is probabilistically collision-avoidant with a robot j at
position p; ~ N (p;,%;) and an obstacle o at position O, if the following conditions hold:

Pr(dls(p’upj)>2’r5)>1_5a VZaJENRaZ¢]a (8)

Pr(dis (p;, Oo) = 15) > 1 -0, Yoe N,, (9)

where Pr(-) is the probability of the value and ¢ is the collision probability threshold for inter-robot and robot-
obstacle collisions.

4 Multi-objective task allocation

In the hunting task, the initial step involves task allocation. Task allocation refers to the process where pursuers in
the environment select which evader to encircle and capture to maximize hunting efficiency.

To prevent the evader from escaping, at least three pursuers are needed to hunt an evader successfully, i.e.,
np > 3ng. To optimize the utilization of pursuers’ hunting capabilities, it is essential to ensure an even distribution
of pursuers corresponding to each evader.

Assumption 3 ([28]). The number of pursuers ¢;,j = {1,...,ng} assigned to each evader should satisfy the
following constraint:

3< {"—P] <g < [”—P} +1. (10)
ng ng

Under Assumption 3, the hunting task allocation can be separated into the following two scenarios.

(1) If the pursuers can be distributed to evaders evenly, then np = kng, k > 3 being an integer. In this scenario,
the issue can be addressed by establishing k virtual hunting points around each evader, and the Hungarian algorithm
can effectively address this issue [12].

(2) Otherwise, if np # kng, the task allocation process faces the following two problems.

Problem 1: How to organize the np pursuers in the environment into ng subsystems?

Problem 2: How to allocate the pursuers within each subsystem to virtual hunting points surrounding the
evader?

The schematic diagram of pursuers-evaders task allocation is shown in Figure 2.

4.1 The improved K-means algorithm

Problem 1 can be addressed by clustering pursuers, with the evader being regarded as the clustering centers. The
clustering process can be described as follows, the positions of np pursuers are defined as P = {Py, Ps, -+ , P, . },
and the positions of evaders are set as E = {E;, Es,---, E, . }. The fitness in the clustering algorithm is defined
as the total distance of all sample points from their respective clustering centers. To achieve the hunting effect,
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Figure 2 (Color online) The schematic diagram of pursuers-evaders task allocation.

the number of pursuers in each subsystem should satisfy the constraint in Assumption 3. The cluster distribution
problem can be expressed as

(11)

where g; represents the total number of pursuers within the cluster associated with the clustering center E;.

The traditional K-means algorithm clusters pursuers based on the nearest principle, but its initial cluster centers
are randomly generated. It iteratively calculates the optimal cluster centers, yet it cannot guarantee the number of
pursuers in each class. Hence, in this paper, in response to the above situation, an improved K-means algorithm is
proposed. First, the algorithm sets the position of the evaders as fixed clustering centroids. Second, it ensures that
pursuers are allocated to evaders to the greatest extent possible through clustering methods. The detailed process
is given as follows.

Step 1. Compute the distance between pursuers and each evader by employing the positions of evaders as fixed
clustering centers.

Step 2. Classify pursuers into the clustering category associated with their nearest evader based on the distance
calculation in Step 1.

Step 3. Form ng subsystems initially through Step 1. Then, count the number of pursuers in the subsystem,
denoted as ¢;. Judge whether ¢; satisfies (10).

Step 4. Identify the pursuer that is farthest from the center of the evader and assign that pursuer to the nearest

other evader for subsystems with more than [Z—Z} + 1 pursuers. To avoid the situation where the same pursuer

moves back and forth between the two nearest subsystems, it is specified that the moving pursuer cannot be assigned
back to the preceding subsystem.

Step 5. Repeat Steps 3 and 4 until the number of pursuers in each subsystem meets the constraint in (11).
Problem 1 is successfully being resolved.

4.2 Multi-objective model

Once the pursuers are allocated to an evader, the subsequent challenge is to allocate the pursuers to their cor-
responding hunting points within the subsystem. For this problem, a multi-objective model is proposed as an
indicator of task allocation between pursuers and evaders. The model comprehensively considers three factors:
hunting efficiency, encirclement situation, and probability of collision risk, as depicted in Figure 3.

4.2.1 Distance between pursuers and their hunting points

One of the most critical evaluation indicators for achieving the shortest total hunting time is the distance D;;
between the i-th pursuer and j-th hunting point, given by

Di; = |1p: — gl , (12)

where P; represents the desired locations of the pursuers and g; represents the locations of the hunting points.
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Figure 3 (Color online) The schematic diagram of evaluation indicators.

4.2.2  Number of obstacles

Theoretically, within an uncertainty framework, the collision events between the pursuer and each obstacle are
independent probability events. That is to say, the more obstacles between the pursuer and the goal position, the
greater the collision risk faced by the pursuer. Consider the following scenario: the probability of collision between
the pursuer 7 and each obstacle j is represented by ¢*. If there are n obstacles, then the total probability of collision
between the pursuer and the obstacles is n x ¢*. Therefore, this paper considers the number of obstacles N;; as
another key indicator for examination and analysis.

In the hunting map, a rectangular perception range is established between the pursuer and the goal of the pursuer.
The calculation of the number of obstacles intersecting with this rectangular perception range is then performed as
the key indicator.

4.2.3 Adaptation between pursuer and evader

The efficiency of hunting is also influenced by the relative position of the target points and the pursuers. Theoret-
ically, when the difference in angle between the pursuer and the goal position of the pursuer is larger, it becomes
more challenging for the pursuer to reach the target, resulting in lower hunting efficiency. Therefore, in this paper,
adaptation is chosen as the third key indicator to be examined and analyzed. The angular adaptation between the
pursuer and the goal location of the pursuer is defined as follows:

Fij =05 — a4, (13)

where 0;; represents the horizontal angle between the pursuer and the goal location of the pursuer and «;; represents
the horizontal angle between the pursuer and the evader.

In the analysis of multi-objective decision problems, the three indicators may have different magnitudes. To
mitigate the magnitude differences among these indicators and ensure a fair comparison, it is necessary initially to
normalize the data according to
* Lij — min Tij (14)

Iij . s
max T;; — MIN Tyj

*

where minz;; and maxz;; represent the minimum and maximum values of a certain indicator’s data and Ty

represents the normalized data.
Next, the cost per pursuer corresponding to each hunting point is calculated by combining the three indicators

mentioned above,
Cij = w1 -D;‘j—l—wg-NZ‘j—i-wg o O

i (15)
where w1, ws, and w3 are weights assigned to the different indicators, wy + wo + w3z = 1.

In the multi-objective task allocation, it is recognized that the relative importance of indicators at each level
compared to the previous level may not be consistent. The paper uses the AHP method to address this problem [29],
employing pairwise comparisons to determine the relative importance of ratio scale pairs and indicators using a
scale ranging from 1 to 9. The definition of the judgment matrix is presented in Table 1. In this paper, the distance
is considered to be of slight importance in comparison to both the number of obstacles and the adaptation.

The maximum eigenvalue Apa.x of the matrix A and its corresponding eigenvector are calculated. Then, the
eigenvector is normalized to obtain the weight vector w = (w1, wa, ws). It is important to note that the maximum
eigenvalue \pax exists and is unique in this context [29].
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Table 1 Ratio scale definition.

Quantification A;; Comparison of the relative importance of indicators A; and A;
1 A; and Aj are equally important
3 Aj; is slightly more important than Aj;
5 Aj; is significantly more important than Aj;
7 Aj; is strongly more important than A;
9 A; is extremely more important than A;
2,4,6,8 Indicates the intermediate scale value of the listed adjacent judgment
Countdown If a;; = k, then aj; = 1/k

Based on a multi-objective model, an auction algorithm is designed to deal with Problem 2 [30]. In this approach,
each pursuer is represented as a bidder, and the hunting points within the subsystem are considered as biddable
items. The auction distribution results can be generated through the minimization of a cost function. The considered

cost function can be formulated as
l

maxz V”,Vw = K, (16)
v

=1

where [ is the number of pursuers within a certain subsystem.
The purpose of the cost function (16) is to maximize the overall satisfaction (total value) of the allocation. The
auction algorithm solving process is formalized through Algorithm 1.

Algorithm 1 Auction task allocation algorithm.

1: Input: Multi-objective model C;; between pursuers and hunting points in a certain subsystem.

2: Output: Task allocation scheme.

3: Set each hunting point as a biddable item and each pursuer as a bidder. Initialise each bidder to bid 0;

4: Set the maximum number of iterations I, gz and the bid decay rate Rg;

5: Each pursuer (bidder) computes bids V;; = C based on a multi-objective model with each hunting point (biddable item);
6

: Each hunting point chooses the pursuer with the highest bid. If multiple pursuers select the same hunting, the pursuer with the highest bid
obtains the allocation right;

: For each pursuer i, if its bid V;; is higher than 0, subtract its bid from the bid decay rate Rg;

: Repeatedly conduct the auction process described above;

9: The algorithm terminates when all hunting points have been assigned to pursuers, or a predetermined number of iterations have been reached.

0 3

5 Collision avoidance safety area setting

Upon completing the hunting task allocation, it becomes imperative to address the issue of collision avoidance among
pursuers during task execution. Subsequently, a collision avoidance method for robots within the probabilistic
uncertainty framework is presented.

5.1 Collision avoidance between uncertain robots

In the hunting task, establishing individual safety areas for robots is crucial to achieving collision avoidance among
robots and obstacles. Voronoi cells are highly effective in segmenting respective regions for constructing these safety
areas. The following definition describes the construction of a safety area using the Buffered Uncertainty-Aware
Voronoi method.

Definition 3 (Voronoi Cell (VC) [23]). For deterministic points (p1,...,p;) in a two-dimensional bounded envi-
ronment, the standard Voronoi cell of each point p; is defined as:

Vit = {pe Bt p—pill <[lp— byl V) #1} an

The boundary of the Voronoi cell that separates two points is indeed the perpendicular bisector of the line that
connects them.

Lemma 1 ([12]). Given the positions of two robots p; and p; in a two-dimensional space, the hyperplane that
divides them is defined by

agp = bij; (18)
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Figure 4 (Color online) Area segmentation.

where
Pi — Pj
Aij = NS o
ERGl ”
b — i (Pi +pj)
=y

Lemma 1 gives the generation method of the perpendicular bisection, as illustrated in Figure 4(a). Note that
in the two-dimensional plane, this hyperplane corresponds to the perpendicular bisector between two points. The
Voronoi cell alone is insufficient to address collision situations. To achieve the objective of collision avoidance, a
buffer area is introduced on both sides of the hyperplane. This ensures an additional margin of safety and enhances
the anti-collision capability, as shown in Figure 4(b).

Definition 4 (Buffered Voronoi cell (BVC) [27]). Given the robot location p;, p;, the Buffered Voronoi cell is
defined as

Ve =IpeR? alp<by—pl,j#i}, (20)
where a;rj, b;; are the parameters of the hyperplane and 3] is the safety radius factor.

The BVC is designed to fulfill the collision avoidance constraint in (6). However, BVC cannot deal with the posi-
tion’s uncertainty. In order to achieve the probability collision avoidance constraint in (8), the Buffered Uncertainty-
Aware Voronoi is designed.

Unlike the BVC hyperplane construction, the BUAVC hyperplane construction considers the uncertainty associ-
ated with the robot’s position, minimizing the maximal probability of error distribution.

Definition 5 (BUAVC [27]). Given the robot location p;, p;, the BUAVC is defined as
Vit = {p e R ralip <by — B — 87, # i}, (21)

where 37, Bf are the buffer regions similar to the BVC.

The following lemma can provide the construction method of the hyperplane parameters a;g-, bi; of the BUAVC.
Lemma 2 ([32]). Given p; ~ N (p;, %), pj ~ N (p;, %)), ¥ = &; = 021, the two parameters of the hyperplane
used to divide them are

{aij = % (Bj — Di).

T AT A (22)
by = L (B; — D) (Bi +Dy)-

The factors 3], Bf have a critical effect on collision avoidance among robots. Therefore, how to design them is
very important.

Lemma 3 ([32]). Given the safety radius rs, the hyperplane parameters in (22), and the collision probability
threshold 4, the safety radius factor and the probability factor are designed, respectively,

Bi =rsllaill, (23)

ﬂf = 1/28;-521'aij . erf_1(2 V 1-— 5 — 1), (24)

where erf(x) = % fox e~ dt is the Gaussian error function and erf (1) is its inverse function.
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Figure 5 (Color online) Best linear separator and BUAVC.

Then, the constructed BUAVC satisfies the conditions for probabilistic collision avoidance of the robots, i.e.,
Pr (dis (p;, pj) = 2rs) > 1 -6,

where the collision probability threshold ¢ is set to satisfy the actual situation, where 0 < § < 0.75. This condition
implies that erf ' (2y/T =6 — 1) > 0 and £ > 0.

To make the above process clearer, we depict it in Figure 5. Figure 5(a) indicates the difference between the
hyperplanes equation (19) and equation (22), and Figure 5(b) shows the construction of the BUAVC in (21).

This section describes the Voronoi cell with a collision avoidance performance generation method between robots
in a hunting task.

5.2 Collision avoidance between robots and obstacles

Similar to the construction of BUAVC between robots, the collision avoidance between robots and obstacles can
also be accomplished through the construction of a safety area.

Definition 6 ([27]). Given p; ~ N (i, Z;), the obstacle location O,, the safety area of the robot is defined as
Vi™ = {p € R aip <bio — B, — B} , (25)

where a;,, b;, are the hyperlane parameters for separating robot and obstacle, 3 fo are the buffer regions.

i
107

To address the uncertainty of obstacles and enable collision avoidance, it is necessary to transform the uncertain
obstacles. This transformation is achieved by imposing specific probability conditions on the obstacle. By doing so,
the obstacle is converted into a well-defined shape. Here, an ellipsoidal set is used and defined as

D, = {d dTSS A < PV 5)} : (26)

where 3, represents the variance of the obstacle uncertainty component in (2) and F~!(-) denotes the inverse of
the cumulative distribution function (CDF) of the chi-squared distribution [33].

Lemma 4 ([34]). In a two-dimensional space, given the area S, = O, + D,, it follows that
Pr(0,CS8,) =Vv1-24. (27)

Although Eq. (26) is an ellipsoidal set, the combination area S, is not a convex set. Thus, we need to transform
the ellipsoidal set into a circle. This can be achieved by linear transformation W = (\/E_O)_l. Under the linear
transformation, the position information of the uncertain robot and the obstacle reduce to p}¥ = Wp;, @ZV = W@O,
dV = wd,, £V = ws,wT = 1, DV = {d dTE T < F*l(M)}. Then, the transformed maximal
shadow of the uncertain obstacle 8, is

sV =0 +pV. (28)

The support vector machines (SVM) method can be summarized as finding a hyperplane between p!V and

SZV that simultaneously guarantees and minimizes the distance between them, which can be formalized as the
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Figure 6 (Color online) Safety region construction between the robot and the obstacle.

optimization problem

min aygTafg,
T/\
st a p —plV <1, (29)
T
alV? iV — bV > 1, Vkel,... p,,

where 1/;,‘:'/ is one of vertices (1/;}"/, ceey 1/;1‘;0'/) of SZV.
Finally, an inverse coordinate transformation W~ is performed to hyperplane parameters (a;, b;,) obtained
according to (29) and the hyperplane for separating the robot from the obstacle is obtained in the original workspace

a, = W 'aj)

10

30
bio = WM. (30)

Similar to (23) and (24), for collision avoidance between the robot and the obstacle, it is necessary to include a
buffer safety area within the robot safety area, as shown in Figure 6.

Lemma 5 ([27]). Design the safety radius factor and the probability factor as

T

io = s llioll (31)

0 =y/2alSa;, -erf (21 -0 —1). (32)

The robot can safely navigate within the constructed safety area Vﬁ-’gavc, which ensures probabilistic collision
avoidance between the robot and the obstacle, i.e.,

Pr(dis (p;, O,) = rs) =1 —0.

Algorithm 2 outlines the construction process of the collision avoidance safety area of the robot in a complex
dynamic environment.

Overall, the BUAVC method effectively addresses the collision problem of the uncertain robots in dynamic
environments, which lays the foundation for the design of the next hunting control strategy.

6 The control strategy design

6.1 Pursuer control strategy design

In the Buffered Uncertainty-Aware Voronoi hunting framework, this section proposes a switch pursuer control
strategy that effectively resolves the ‘deadlock’ problem encountered during the movement of the pursuer according
to the greedy principle.
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Algorithm 2 Construction of collision avoidance safety area between the robot and the obstacle.

1: Input: The uncertainty obstacle ©,, the uncertainty robot p; ~ N (pi, 3;).
2: Output: Robot collision avoidance area.
3: if Robots are detected around p; then

4: for Each robot j, Vj € N,,j # i do

5: Calculate a?j, bij via (22);

6: Calculate 3], ,8? via (23) and (24);

7: Construct BUAVC collision avoidance area vﬁ.”““w via above parameters;
8: end for

9: else {Obstacles are detected around p; }
10: for Each obstacle o do

11: if Oo:{x+do|xe@o,do~N(0,Zo)} then

12: Calculate the area D, via (26);

13: Calculate the area S, = @o + Dy;

14: Transform p; and S, to f)yv and S(‘;V by applying the linear transformation W
15: Solve (29) to obtain ay‘o/ and bZZ by applying SVM method;

16: Get the hyperplane parameters a;, and b;, applying the inverse linear transformation W ~?! to ayg and byg;
17: Calculate 8], and 82, using (31) and (32);

18: Construct the collision avoidance area V?;‘avc via the above parameters.

19: end if

20: end for

21: end if

There are two cases depending on the relative location of the hunting point and the corresponding pursuer’s
safety area.

e The hunting point is not within the safety area.

e The hunting point is within the safety area.

For every pursuer P;,i = {1,...,np}, to ensure the probabilistic collision avoidance condition, the pursuer must
operate within the safety region V““. This implies that its control strategy needs to effectively maintain its
position within Vf”‘“’c. To achieve this, an optimization problem can be formulated to guarantee the pursuer’s
performance in tracking its target within its safety region Vf”‘“’c. The optimal control strategy of each pursuer is
generated through the minimization of the cost function. The cost function can be expressed as

min Zf: (Pz(t) - gi(t))T (

t=0

(33)

st. Pi(t) € VUve 1 =0,... s,

where t; is the time to reach its target hunting point for the i-th pursuer, the trajectory of the i-th pursuer is
defined as P;(0), P;(1),..., P; (t;) and the position of the target hunting point is defined as g;(0), gi(1),. .., i (ts).

To obtain an efficient solution for (33), a one-step greedy strategy is designed to guide the pursuer to the target
hunting point as soon as possible. Hence, the i-th pursuer should consistently advance towards the point within
VIUUe that is closest to the target.

If the robot remains fixed at the edge of the robot’s safety area due to the presence of obstacles, it is called “robot
deadlock.” Tt is a critical issue that demands attention during robot motion. This situation leads to robot stalling,
as shown in Figures 7 and 8(b). This paper resolves the deadlock situation of the robot by taking a detour. Taking
into account the above situations, the switch control strategy of the pursuer is as follows.

Theorem 1. In the Buffered Uncertainty-Aware Voronoi hunting framework, to ensure that pursuers complete

the hunting task in the shortest time while adhering to probabilistic collision avoidance conditions, simultaneously
avoiding the issue of robot deadlock, the following switch control strategy is designed for pursuer i:

Vi,max * gi {)l 5 if gi ¢ vli)uavc;
' lle:—p:|
. Vv*— B .
Uy, = { Vi maa - |VZ’*7_:;:H’ if “robot deadlock”; (34)
f
) . _gi—Di . ) buavc
Vi maz 7||gz—152|| ) if g, €V, )

where vj ynqq is the maximum achievable speed of the pursuers in the environment, p; is the position of the pursuer,
g is the closest point in the pursuer’s BUAVC to its hunting target point g;, i.e., gf = argmin||p — gi||,p € V?’b,
V.* is the closest vertex to the target point at the edge of the safety region except for the deadlock point, and the
movement of pursuer is shown in Figure 8.
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Figure 8 (Color online) Three types of controllers for pursuers. (a) Controller 1; (b) controller 2; (c¢) controller 3.

Proof. This proof demonstrates that if the initial positions of the pursuers adhere to the no-collision condition,
the aforementioned pursuit strategy guarantees the absence of collisions among the pursuers. This point can be
proven through mathematical induction.

Initially, the initial positions of np pursuers satisfy the collision-free configuration, i.e.,

Ve £ 0, Py(0) € ViU Vi € {1,2,...,np}.

Driven by the control strategy in (34), all pursuers remain within the Y2“*¢ at moment k + 1, indicating that
the pursuer configuration remains collision-free at time k 4+ 1. Consequently, the YI“* constructed at moment
k + 1 is non-empty, and the trajectory for the next step driven by the control strategy in (34) continues to satisfy
the constraints in (33). Through mathematical induction, it is demonstrated that there is consistently no collision
between pursuers driven by the control strategy in (34).

6.2 Pursuer control strategy design under kinematics model constraints

However, in practice, the movements of pursuers must follow their kinematic constraints in the context of collision
avoidance. Consider pursuers with maximum speed and acceleration limits in practice, i.e.,

||vz|| g vi,mazv
v = a;, (35)

||az|| < @i max

where v; is the current speed of the pursuer, a; is the current acceleration of the pursuer, v; ;mqz is the maximum
velocity attainable by the puruser and a; maqz is the maximum acceleration attainable by the pursuer.

Within the kinematic constraints in (35), the reachable range of pursuer j from time ¢ to (¢t + A) sampling
instances can be defined as U and A is the sampling time.
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Theorem 2. To maximize hunting efficiency, the pursuers should perform the following control policy in the
context of collision avoidance:

t A
i g — P
uy, = [lvill - =—» (36)
PO gt - bl
where
o = { T8 ET
' Vi,mazx, if gt ¢ U,
lnaz = ||Pi — &', &' € {gi, &}, V;*} and v; mas is the maximum rate achievable at the current moment.

Remark 1. Typically, the hunting efficiency is affected by the number and the moving strategies of both the
pursuers and evaders, respectively. On one hand, when the number of pursuers is fixed, the more evaders there are,
the lower the efficiency of the hunting task [10,12]; otherwise is not. On the other hand, evaders aim to stay as far
away from pursuers as possible. Ref. [23] has proven that under the Voronoi framework, moving toward the Voronoi
centroid is the best choice for an evader to avoid approaching pursuers. Therefore, in this paper, in order to delay
the capture of the evaders by the pursuers, the control strategy for evaders at each sampling step is designed to
move them toward the Voronoi centroid they occupy, as shown below [23]:

uly = u (37)
HCbuavc - F;

where Cpyave is the centroid of the evader’s BUAVC region of the evader.

7 Simulation experiments

In this section, comparative results are presented to demonstrate the effectiveness of the proposed hunting method.
Besides, this paper also discusses the impact of different collision thresholds on the hunting efficiency and the
deadlock problem.

The simulations are implemented in MATLAB within a 5 m x 5 m map. The Gaussian distribution variances
3; and 3, for the robots and obstacles are set to 0.05. At each time step, the positions of the robots and obstacles
are adjusted by a random value following the aforementioned distribution. The positions of the robots/obstacles
before adjustment are considered the mean positions of a Gaussian distribution. The radius of the encirclement R
is set to 0.05 m. The sampling time of the system is set as At = 0.1 s. The maximum speeds of the evaders and
pursuers are vp,q, = 0.5 m/s and the safe distance between the robot and obstacle ry = 0.05 m. The judgment
1 33

1/3 1 1| in Section 4 is constructed.
1/3 11

matrix A =

7.1 Comparison of different hunting methods

This section presents the verification of the proposed hunting method in simulation. To enhance the realism of the
experiments, a dynamic obstacle with random motion is introduced, which can be considered a moving pedestrian
within the environment. To ensure collision avoidance, we also apply BUAVC for the dynamic obstacle. The
hunting processes are shown in Figures 9 and 10, respectively. Figure 9 illustrates the hunting process involving
3 pursuers, 1 evader, and 9 obstacles, while Figure 10 depicts the hunting process involving 6 pursuers, 2 evaders,
and 9 obstacles.

To validate the effectiveness of the proposed method, we compare it with different task allocation methods and
control strategies in an uncertain environment with 6 pursuers, 2 evaders, and 9 obstacles. The locations of obstacles
on the map are shown in Table 2. The initial positions of pursuers, evaders, and the dynamic obstacle are shown
in Table 3. Dynamic obstacle positions include both the initial position and the target position. The comparative
task allocation methods include the greedy allocation method in [23] and the Hungarian allocation method in [35].
The control strategies include the OABVC hunting method in [26], the BVC hunting method in [12], and the
reinforcement learning hunting method in [31].

In [26,31], the single evader hunting problem is solved. In the comparative experiment, all methods focus on the
multi-pursuer, multi-evader hunting scenario. First, generate hunting points at equal angles around the evaders. The
proposed two-step task allocation method first selects the evader to be hunted based on distance, and then allocates
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Figure 9 (Color online) The scenario of multiple pursuers hunting an evader. (a) t =1s; (b) t =5 s; (¢) t =15 s; (d) t = 20 s.
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Figure 10 (Color online) The scenario of multiple pursuers hunting multiple evaders. (a) t =1 s; (b) t =3 s; (¢) t =20 s; (d) t =33 s.

Table 2 The positions and sizes of obstacles.

Obstacle number Position Size
Obstacle 1 (—4,1) 1
Obstacle 2 (—2.5,2.5) 0.5
Obstacle 3 (—3,-2) 1
Obstacle 4 (—1.5,1) 1
Obstacle 5 (1.5,1) 1
Obstacle 6 (3,4) 1
Obstacle 7 (2.75,1.25) 0.5
Obstacle 8 (3,-2)

Obstacle 9 (0, —4.5) 1

Table 3 The initial positions of pursuers, evaders and the dynamic obstacle.

Robot number Start position
Pursuer 1 (—2.5,—-0.78)
Pursuer 2 (1.33,—1.2)
Pursuer 3 (0.65,2.68)
Pursuer 4 (—1.99, —3.36)
Pursuer 5 (2.95,0.55)
Pursuer 6 (4.75,—1.35)
Evader 1 (0.5, —0.5)
Evader 2 (2.5, -3.5)

Dynamic obstacle (2,-1)(—2,1)

the hunting points based on multiple target variables. Other task allocation methods only allocate hunting points
directly based on distance. After the allocation is completed, the pursuer moves towards the assigned hunting points
using different control strategies. The ablation experiment results are shown in Table 4. The distance variation
curves between pursuers and the evaders for each comparison method are shown in Figure 11.

In comparison, the parameters in [26] are K = 0.5 m/s, s = 0.05 m, d;p;,, = 0.05 m, At = 0.1 s. The parameters
in [12] are © = 0.5 m/s, 7 = 0.05 m, At = 0.1 s. In the method in [31], the state space of the robot consists of
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Table 4 Comparison of different task allocation methods. The best results are in bold.

Control strategy-+task allocation method Time (s) Distance (m) Inter-rob min dis (m)
DL [31]+greedy allocation [23] 47 99.3 0.088
OABVC [26]+greedy allocation [23] 43 88.1 0.092
BVC [12]4greedy allocation [23] 41 82.9 0.084
BVC [12]+Hungarian allocation [35] 36 75.8 0.086
BUAVC+Hungarian allocation [35] 38 79.6 0.132
The proposed method 33 65.7 0.112
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Figure 11 (Color online) The variation in the distance between pursuers and evaders under different hunting methods. (a) DL [31]+greedy
allocation [23]; (b) OABVC [26]+greedy allocation [23]; (c¢) BVC [12]4greedy allocation [23]; (d) BVC [12]4+Hungarian allocation [35];
(e) BUAVC+Hungarian allocation [35]; (f) the proposed method.

the positions, velocities, and accelerations of all robots in the environment, as well as the positions of obstacles.
The action space includes the speeds along the horizontal and vertical axes. The reward function is based on the
distance to the hunting points, while the penalty function includes the distance between robots and the distance
to obstacles. The parameters in [31] are as follows: the maximum reachable speed of the evader and the pursuer
Upmaz = Vamaz = 0.5 m/s, the collision distance . = 0.05 m, the decision period At = 0.1 s, the reward function
parameters K = 10,9 = —1, the discount factor v = 0.95, the batch size z = 256, the learning rate of the actor
and critic a = 1074, the soft update rate 7 = 0.01. Since Refs. [12,26,31] did not consider uncertainty, the collision
avoidance region or reward function is constructed based on the expected positions of the robot and obstacles.

The term ‘Time’ in the Table 4 refers to the successful hunting time, ‘Distance’ refers to the total travel distance
of the pursuers, ‘Inter-rob min dis’ refers to the minimum distance between robots during the hunting process, and
‘Rob-obs min dis’ refers to the minimum distance between robots and obstacles during the hunting process. The
ablation experiment data in Table 4 show that the proposed hunting method has advantages in both successful
hunting time and distance. Additionally, under uncertain conditions, the proposed method ensures that the safety
distance between robots is maintained at 0.1 m, and the safety distance between robots and obstacles is kept above
0.05 m, whereas other methods fail to meet these conditions. This demonstrates the effectiveness of the proposed
hunting method.

7.2 Comparison of different probability thresholds

Additionally, the experiments with two different collision thresholds are constructed, with values of 0.1 and 0.05,
respectively, as depicted in Figures 12 and 13.
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Figure 12 (Color online) The process of hunting where the collision threshold is 0.1. (a) t =1s; (b) t =5s; (¢) t =20 s; (d) t = 30 s.
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Figure 13 (Color online) The process of hunting where the collision threshold is 0.05. (a) t =1s; (b) t =5 s; (¢) t =20 s; (d) t = 36 s.
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Figure 14 (Color online) Comparison of different probability thresholds.

From Figures 12 and 13, it is evident that the robot buffer area varies for different collision thresholds. Figure
14 illustrates the time taken for a successful hunting and the total distance covered by the pursuers under different
collision thresholds. According to (24), it can be inferred that expanding the buffer area reduces the probability
of collision avoidance. In other words, as the probability of collision avoidance increases, the robot’s safety area
decreases proportionally, which has a certain impact on the efficiency of the hunting process.

Based on the experimental data presented in Figure 14, it can be observed that there is a negative correlation
between the probability of collision avoidance within a specific range and the efficiency of the hunting process.
Although setting the collision probability to 0.3 helps improve the overall hunting efficiency, it poses a challenge
to the safety of the hunting task. Therefore, when considering both factors, it is appropriate to set the collision
probability at 0.1.
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Figure 15 (Color online) Comparison of robot deadlock probability under different control strategies.

7.3 Discussion of robot deadlock situation

To evaluate the effectiveness of the control strategy presented in (34) in resolving the robot deadlock situation, we
conduct experiments with different numbers of robots in the environment to assess the performance of the control
strategy.

It is evident from Figure 15 that as the number of robots in the environment increases, the probability of
encountering a deadlock situation also increases when using a single control strategy for the robots. This hinders
the smooth execution of the hunting task. However, by implementing a hybrid control strategy, the deadlock rate of
the robots in the environment is reduced to zero, confirming the effectiveness of the proposed anti-deadlock control
approach.

8 Conclusion and future work

In this paper, we propose a novel method for multi-robot collision avoidance during a hunting task. To minimize
the total hunting time, this paper transforms the multi-robot hunting task assignment issue into a multi-objective
problem by considering some necessary factors that may affect hunting efficiency, including distance, the number
of obstacles, and the adaptation between pursuers and evaders. Then, a task allocation method based on the
improved K-means algorithm and auction algorithm is designed to solve the multi-objective problem. Then, in
the Buffered Uncertainty-Aware Voronoi hunting framework, a greedy switch pursuer control strategy is designed
to enhance hunting capability, which minimizes hunting time as much as possible while satisfying the probability
anti-collision condition and considering the ‘deadlock’ problem. Experimental analysis is conducted to evaluate the
impact of different collision probability thresholds on hunting efficiency. Through multiple metrics, we empirically
demonstrate that our improved target assignment method significantly enhances the effectiveness of the hunting
process.

However, in some scenarios, real-time access to the evader’s location information is difficult to achieve. In future
work, the focus will primarily be on enhancing the proposed hunting method. This includes designing the pursuit
controller using estimated information of the evader’s location, expanding its application to three-dimensional space,
and successfully implementing it in real-world scenarios.
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