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Abstract

:

Swarm control has become a challenging topic for the current unmanned aerial vehicle (UAV) swarm due to its conflicting individual behaviors and high external interference. However, in contrast to static obstacles, limited attention has been paid to the fission–fusion behavior of the swarm against dynamic obstacles. In this paper, inspired by the interaction mechanism and fission–fusion motion of starlings, we propose a Bio-inspired Self-organized Fission–fusion Control (BiSoFC) algorithm for the UAV swarm, where the number of UAVs in the sub-swarm is controllable. It solves the problem of swarm control under dynamic obstacle interference with the tracking function. Firstly, we establish the kinematic equations of the individual UAV and swarm controllers and introduce a fission–fusion control framework to achieve the fission–fusion movement of the UAV swarm with a lower communication load. Afterward, a sub-swarm selection algorithm is built upon the topological interaction structure. When a swarm is faced with different tasks, the swarm that can control the number of agents in a sub-swarm can accomplish the corresponding task with a more reasonable number of agents. Finally, we design a sub-swarm trapping algorithm with a tracking function for the dynamic obstacles. The simulation results show that the UAV swarm can self-organize fission sub-swarms to cope with dynamic obstacles under different disturbance situations, and successfully achieve the goal of protecting the parent swarm from dynamic obstacles. The experimental results prove the feasibility and effectiveness of our proposed control algorithm.
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1. Introduction


Natural phenomena such as fish feeding, bird migration, and bat predation have provided evidence that animals in swarms are greater than the sum of their individual parts [1,2,3,4]. The dynamic movement process of the swarm usually involves adding or reducing members, known as swarm fission–fusion [5].



The term “fission–fusion” was first proposed by Kummer et al. [6] to describe the phenomenon where nonhuman primates change their group size by fission–fusing subunits. Animal swarms in nature maximize the advantages of fission–fusion behaviors. For example, wide-nosed dolphins improve the success rate of prey roundup [7,8,9], groups of spider monkeys and sheep enhance foraging efficiency [5,10], and flocks of birds avoid predators [11] through fission–fusion. In recent years, researchers have applied the concept of the fission–fusion of living organisms in other fields, such as intelligent numerical optimization [12,13,14,15], UAV swarm motion [16,17,18], and power control [19,20]. Bansal et al. [13] proposed the spider monkey optimization (SMO) algorithm by studying the fission–fusion phenomena spider monkeys’ foraging. Liang et al. [17] introduced the idea of biological fission–fusion to the interaction topology of an underwater vehicle (UUV). Aureli et al. [19] extended the concept of fission–fusion to the dynamics control architecture.



Most of the works over the last decades mainly focus on the basic flocking behavior, where agents within a specific range can be gathered into a group with the same state of motion through interactions. For this problem, Reynolds [21] introduced the basic heuristic rules (cohesion, separation, and alignment) in the field of swarm control, and numerous swarm control methods have been proposed successively [15,22,23], such as the artificial potential field [22], virtual physics [15], and geometric class [23] methods. Researchers have also investigated the self-organized fission–fusion behavior of swarms lately and promoted the development of related fields. For example, Lei et al. [24] proposed a fission–fusion swarm method based on the neighboring domain, Yang et al. [25] presented a self-organizing fission–fusion method based on intermittent selective interaction, and You et al. [26] utilized the task-driven ideas to achieve a fission–fusion swarm of UAVs. Nevertheless, most of these studies concentrated on the collision avoidance of the single swarm and static obstacles by fission. The swarm fission–fusion motion control in dynamic obstacle environments is insufficiently conducted. Additionally, obstacles or attackers typically interfere with the swarm in the form of random or even tracking dynamics, which could seriously disrupt the movement of the swarm. Therefore, swarm control which relies on the continuous fission–fusion is of significant interest to avoid the successive aggression of dynamic obstacles.



In addition, the interaction structure of most existing fission–fusion algorithms is often implemented as a fixed distance [24,25,26], whose number depends on how many neighbors are present within the range. The assumption above differs from the way species interact in the biological world. In the natural swarm, the large-scale swarm is accomplished by interacting with a limited number of members [25,27,28,29]. Researchers found that the interaction structure of starling flocks is topological and the distance of the interaction structure is unfixed [29]. Each starling only interacts with its nearest six to seven neighbors, and the distance between agents does not affect the interaction distance [29]. Additionally, starlings rely on the six or seven neighbors to interact with the swarm in a topological way, eventually achieving the communication of a huge swarm with thousands of members, and the distance between members does not affect the interaction distance. Based on this finding, researchers have conducted numerous studies and exploited the behavior of starling swarms [30,31]. Recently, Ourari et al. [32] applied the topology of the starling to the collision avoidance of UAV swarms with the reinforcement learning method.



In this paper, inspired by the topological characteristics of starling flocks with the basic three rules [21], we propose a Bio-inspired Self-organized Fission–fusion Control (BiSoFC) algorithm for the UAV swarm with a controllable number of UAVs in the sub-swarm. We first establish the self-organized fission–fusion control framework by combing it with the starling topology and formulate the kinematic equations of the UAV and swarm controller. Then, the interaction structure of starlings is applied in the sub-swarm selection algorithm, and the problem that the number of sub-swarm members cannot be controlled in the existing algorithm is solved. We further design the dynamic obstacle trapping algorithm for different interference cases of dynamic obstacles which have tracking functions. This scheme achieves the self-organized trapping of dynamic obstacles by the sub-swarm to prevent the parent swarm from being disturbed by dynamic obstacles. Meanwhile, the sub-swarm can self-organize to return to the parent swarm for integration after completing trapping. The simulation experiments demonstrate the feasibility and effectiveness of the proposed algorithm:




	
Inspired by the topological interaction structure of starling, we design a self-organized fission–fusion control framework for the UAV swarm and establish the kinematic model of the UAVs as well as the UAV swarm controller.



	
Based on the topological interaction structure of starlings, we introduce a sub-swarm selection algorithm to control the number of agents in the sub-swarm.



	
We present a sub-swarm trapping algorithm for different interference situations of dynamic obstacles with a tracking function.



	
We illustrate the feasibility and effectiveness of our proposed control method by numerical simulations, which include the conditions of differentiation index, polarization index, the precision of response stimuli, and communication load.








The remainder of this paper is organized as follows:



Section 2 analyzes the existing swarm dynamics model to establish the UAV swarm agent kinematic model of the UAV and UAV swarm controller. In Section 3, the starling topological interaction structure is modeled, and the UAV swarm self-organized fission–fusion swarm control framework is proposed. Section 4 uses a sub-swarm selection algorithm based on the starling topological interaction structure. A sub-swarm trapping algorithm is intended for different interference cases of dynamic obstacles with a tracking function. In Section 5, we simulate the proposed bio-inspired self-organized fission–fusion swarm algorithm for the UAV swarm with a controllable number of UAVs in the sub-swarm and establish the evaluation index to analyze the effectiveness of the algorithm. Finally, a conclusion is given in Section 6.




2. Problem Formulation


2.1. Traditional Model for UAV Cluster Dynamics


Consider two swarm systems   g ∈   sub −  swarm  ,    parent  − swarm    , which consist of a total of N agents. The swarm moves in a three-dimensional space without boundary constraints. It is worth noting that although the two swarms are referred to as sub-swarm and parent swarm, the two swarms are equal and independent, have no leading role in each other, and can accomplish different respective tasks. The following double integrator controls the motion of the agent:


              χ ˙     i   g  =  v    i   g         m    i   g    v ˙     i   g  =  u    i   g  − ξ      v    i   g     2   v    i   g  + ζ  ϑ    i   g             



(1)




where    χ i g  =    x i g  ,  y i g  ,  h i g    ∈  R 3    is the position of agent  i  in   g ∈   [sub-swarm, parent-swarm],    v i g  ∈  R n    is the velocity vector,    u i g  ∈  R n    is the control input acting on it,    m i g    denotes its quality,   − ξ      v    i   g     2   v i g    is friction with the environment,  ξ  is the environmental damping factor,   ζ  ϑ i g    is a random noise of the environment with an intensity equal to  ζ , and    ϑ i g  ∈   0 , 1     is a uniformly distributed random vector. According to the existing literature, most of the internal interactions between agents follow the cohesion alignment [22] and the separation rules [21]. A typical implementation is as follows:


   u i g  =  γ  i n e    v i g  +  u i   g  p o s     +  u i   g  v e l     +  u i   g  g u i     + ξ      v i g     2   v i g   



(2)




where    γ  i n e     is the inertia coefficient,    u i   g  p o s       is the position cooperation term of agent  i  in  g .    u i   g  v e l       is the velocity alignment term of agent  i  in  g ,    u i   g  g u i       is the navigation function term of agent  i  in  g , and    u i   g  g u i       is set to (  1 , 1 , 0  )T for ease of observation.



Defining    u i   g  p o s       as follows:


   u i   g  p o s     =  1   N i g      ∑   j ∈  N i g   t     Γ  p o s    ( 1 −   (    l a g     d  i j  g    )  2  ) exp (    l c g     d  i j  g    )     x j g  −  x i g    ‖  x j g  −  x i g  ‖    



(3)




where    Γ  g − p o s     is the parameter of position cooperation in  g ,    l a g    is the desired spacing of agents in  g ,    l c g    is the decay coefficient of agents in  g ,    x i g    is agent  i  spacing position in  g ,    d  i j  g    represents the actual distance between agent  i  and agent  j  in  g ,    N i g    is the number of interacting agents with agent  i  in  g , and    N i g   t    is the set of neighbors in  g  that interact with agent  i  at the moment  t .



The traditional definition of    u i   g  v e l       is as follows:


   u i   g  v e l     =  1   N    i   g      ∑  j ∈  N    i   g  ( t )     Γ  v e l   (  v    j   g  −  v    i   g  )    



(4)




where    Γ   g  v e l       is the parameter of    u i   g  v e l      .



The action of Equation (4) is the famous “velocity consensus” algorithm. The swarm can quickly achieve speed convergence to a consistent state through Equation (4) [21]. However, if only a few agents in the swarm recognize the obstacle, the swarm using Equation (4) cannot achieve self-organized fission movement [33]. Yang accomplished a self-organized fission–fusion movement for a static obstacle swarm by introducing an attention mechanism [16]. However, the existing methods for dynamic obstacles with tracking capabilities often reduce the mission completion efficiency of the UAV swarm (e.g., Figure 1a,b) and even fail to complete the original mission results, (e.g., Figure 1c,d).



Therefore, a new control algorithm for self-organized splitting and merging of UAV swarms in a three-dimensional space in a lightweight and low communication cost manner is necessary, which is an extension of the traditional velocity alignment [22]. A sub-swarm selection algorithm is proposed to realize the fission–fusion movement of the UAV swarm in a more flexible way that can control the number of agents in the sub-swarm. Meanwhile, for dynamic obstacles with the tracking function, a sub-swarm trapping algorithm is proposed to ensure that the sub-swarm can trap the dynamic obstacles again self-organized when the dynamic obstacles are tracked during the tracking process of the mother swarm, to achieve the goal of protecting the mother swarm from interference.




2.2. UAV Kinematic Model


Assuming that the UAV is configured with a three-loop self-pilot for velocity, heading angle, and altitude, the UAV kinematic model can be simplified [34] as follows:


          x ˙  i g  =  v i g  cos  ψ i g          y ˙  i g  =  v i g  sin  ψ i g          ψ ˙  i g  =  1   α ψ    (  ψ i   g  i n p     −  ψ i g  )         v ˙  i g  =  1   α v    (  v i   g  i n p     −  v i g  )         h ¨  i g  = −  v i g   1   α  h ˙       h ˙  i g  +  1   α h    (  h i   g  i n p     −  h i g  )        



(5)




where (   x i g  ,  y i g  ,  h i g   ) is the position of agent  i  in   g ∈   sub − swarm , parent − swarm    .    v i   g  i n p      ,    Ψ i   g  i n p       and    h i   g  i n p      , respectively, denote the horizontal speed, altitude, and heading angle control input commands of agent  i  in  g ,    v i g   ,    ψ i g   , and     h ˙  i g    represent the horizontal velocity, heading angle, and altitude change rate of agent  i  in  g .    α ψ   ,    α v   ,    α h    and    α  h ˙     are self-driving instrument control parameters.



The UAV flight condition constraints are considered as follows:


       v  min   <  v i g  <  v  max         χ ˙   ≤    φ  max   g    v i g         ℏ  min   <   h ˙  i g  <  ℏ  max        



(6)




where    v  min    ,    v  max    ,    φ  max    , and    ℏ  max     are representing the minimum horizontal speed, maximum horizontal speed, maximum lateral overload, maximum height, and change rate and all are greater than zero,    ℏ  min     is the minimum height change rate, and g represents the acceleration of gravity.




2.3. Model Relationship between UAV Cluster Controller and UAV Kinematic Model


The control input    u i g    solved by the command to obtain the autopilot control input for agent  i  in  g . The definitions are as follows:


   u i g  =      u i   g x         u i   g y         u i   g h         



(7)






             v i   g  i n p     =  α v  (  u i   g x    cos  ψ i g  +  u i   g y    sin  ψ i g  ) +  v i g         ψ i   g  i n p     =    α ψ     v i g    (  u i   g x    cos  ψ i g  −  u i   g y    sin  ψ i g  ) +  ψ i g         h i   g  i n p     =  h i  +    α h     α  h ˙       h ˙  i g  +  α h   u i   g h               



(8)




where    u i   g x     ,    u i   g y     , and    u i   g h      are the swarm control quantities in the x-axis, y-axis, and altitude direction of agent  i  in the inertial coordinate system, respectively.



The state output values of the UAV dynamics model can be converted into UAV position and velocity vectors as the inputs to the UAV swarm controller, which are as follows:


       x i g  = (  x i g  ,  y i g  ,  h i g  )      v i g  = (  v i g  cos  ψ i g  ,  v i g  sin  ψ i g  ,   h ˙  i g  )      



(9)









3. Bio-Inspired Self-Organized Fission–Fusion Control Framework


In this section, to reduce the enormous communication load is of the self-organized fission–fusion. A bio-inspired self-organized fission–fusion swarm algorithm for the UAV swarm based on the traditional framework [22] is proposed for the UAV swarm.



3.1. Starling Topological Interaction Algorithm


In practice, the interaction structure with all members of a fixed distance as neighbors usually generates a huge communication load, which is one reason for achieving a large-scale swarm of the UAV swarm during practical use. Therefore, to reduce the communication pressure between UAV swarms, inspired by the flutter interaction structure of the starling flock [29], the topological interaction structure of the starling flock is adopted for the selection of the interaction mechanism of agents and the maximum number of interacting neighbors is set to seven [29]. The set of agent interaction neighbors is represented as follows:


   N i g   t  =   j | min   ∑  p u   d  i j  g  ,  d  i j  g  <  R  Radius   , j =   1 , 2 , 3 , ⋯ ,    N G g    , j ≠ i   , u ≤ 7    



(10)






   d  i j  g  = ‖  x i g  −  x j g  ‖  



(11)




where    d  i j  g    represents the actual distance between agent  i  and agent  j  in  g ,    N G g    is the number of drones in g, and  j  is the agent that establishes interaction with the agent  i . We consider that each agent has the same perceptual radius    R  R a d i u s    . It is worth noting that in the usual case, most of the interaction structures use fixed-distance interaction structures, which are shown in Figure 2a. The Boids model [21], the Couzin model [35], and the Vicsek model [36] all use a fixed-distance interaction structure. In these fixed-distance interaction structures, where the interaction radius    σ i    is the same as the perception radius    R  R a d i u s    , the    R  R a d i u s     is the maximum Euclidean distance that the agent can perceive. In this paper, the perception radius    R  R a d i u s     is the same as the one in the fixed-distance interaction structure. However, in Figure 2b, the interaction radius    σ i    is different from the one in the fixed-distance interaction structure. The interaction radius    σ i    is smaller than the    R  R a d i u s     in such a condition. The feature above is common in the interaction structure of starlings [29]. Therefore, the    σ i    of the agent in a dense UAV swarm is often much smaller than the    R  R a d i u s    , and the differences are shown in Figure 2. The topological interaction structure is more economical regarding swarm communication resources than the fixed-distance interaction structure, which will be verified in the subsequent simulation experiments.




3.2. UAV SWARM Self-Organized Fission–Fusion Control Framework


The behavior of fission–fusion of a UAV swarm is usually two competing behaviors. UAV fusion behavior requires a highly ordered group among the agents. The fission behavior demands a break in the original orderliness between agents splitting into multiple smaller swarms [5,19].



The effect of dynamic obstacles on the swarm is added to the control algorithm in the form of intrusive forces. The control algorithm for self-organized fission–fusion is defined as follows:


          χ ˙  i g  =  v i g         m i g    v ˙  i g  =  γ  i n e    v i g  +  u i   g  p o s     +  ℘ i g   u i   g  g u i     +      u i   g  v l l     +   1 −  ℘ i g     u  invaders    ⏟     u i   g  v e l       − ξ ‖  v i g  ‖   2   v i g  +     ζ  ϑ i g   ⏟     u ζ   g  e n v              



(12)




where    γ  i n e     is the inertia coefficient,    γ  i n e    v i g    is the inertial force of the agent  i ,    u i   g  p o s       is the position cooperation of agent  i  in  g , and    u i   g  v e l       is the interaction velocity alignment of agent  i  in  g . The influence of crosswinds are very important in the flight of UAVs [37,38]. Therefore, we define the random noise   ζ  ϑ i g    of the environment specifically as the influence of a random crosswind    u ζ   g  e n v       in the environment. The spatial distribution among agents in each UAV swarm is achieved by Equation (3). A velocity alignment based on Equation (4) is proposed for dynamic obstacles:


   u i   g  v e l     =  1   N i g      ∑   j ∈  N i g   t     Γ  v e l      v j g  −  v i g    +   1 −  ℘ i g           u  t r a p p i n g   +  u  l u r e      ⏟     u  invaders      



(13)




where    u  l u r e     is the induced force generated by the dynamic obstacles on the agent when the sub-swarm is trapped,    u  t r a p p i n g     represents the intrusive force generated by a dynamic obstacle to the agent, and    ℘ j g    is the state indicator of whether agent  j  in the neighbor of agent  i  in  g  under the topological interaction structure requires fission movement as a sub-swarm member. The velocity algorithm for dynamic obstacles can achieve the effect of self-organized fission–fusion with a controllable number of sub-swarm when encountering dynamic obstacles.





4. Sub-Swarm Selection Algorithm and Sub-Swarm Induction Algorithm


To realize the UAV swarm fission–fusion movement for dynamic obstacles with tracking function and reduce the influence of dynamic obstacles on swarm movement. The sub-swarm selection algorithm and sub-swarm induction algorithm are proposed, which realize controllable fission motion with the number of agents in the sub-swarm self-organized induced movement against the interference of dynamic obstacles.



4.1. Sub-Swarm Selection Algorithm


Equation (10) shows that the agents of the swarm only interact with a limited number of neighbors. Algorithm 1 demonstrates the selection mechanism of the sub-swarm when fission behavior occurs, in which swarms are selected by constantly interacting topologically with surrounding agents to finally reach a sub-swarm selection result that can control the number of sub-swarms.



	Algorithm 1 Sub-Swarm Selection Algorithm



	input:    x  min  g   ,    N i g   t   

output: sub-swarm

function sub-swarm selection

  now-number  ←  0

  if    x  min  g    <    R  R a d i u s     then

   for i  ←  1: flight-number do

    if now-number  ≤  except-number then

     alter-sub-swarmi  ←  choose the    x  min  g    agent from    N i g   t   

     if    φ i g  ≠ 0   then

                  φ i g  = 0  

      sub-swarm [1,now-number]  ←  alter-sub-swarmi

      now-number  ←  now-number + 1

     end if

     if now-number == except-number then

      break

     end if

     for j   ← 1 :  N i g   t    do

     alter-sub-swarmj  ←  choose the    x  min  g    agent from    N i g   t   

      if    φ i g  ≠ 0   then

                  φ i g  = 0  

       sub-swarm [1,now-number]  ←  alter-sub-swarmj

       now-number  ←  now-number + 1

      end if

      if now-number == except-number then

       break

      end if

     end for

    end if

   end for

  end if

  return sub-swarm

end function









4.2. Sub-Swarm Trapping Algorithm


After the fission behavior occurs, the sub-swarm will perform the corresponding trapping movements in response to the conduct of dynamic obstacles. Algorithm 2 shows the trapping algorithm of the sub-swarm intending to ensure that the parent swarm is not affected by the dynamic obstacle. The algorithm enables the sub-swarm to trap dynamic obstacles. If the moving obstacles re-track the parent swarm during trapping, the sub-swarm will self-organize to re-trap the dynamic obstacles. We propose to evaluate whether the sub-swarm trapping movement at the moment t is affected by the direction of motion of the agent, and the evaluation method is as follows:


   Θ g  = ( arccos   (     x  min  g   x  i n v a d e r        x  min  g       x  i n v a d e r        )  t  − arccos   (     x  min  g   x  i n v a d e r        x  min  g       x  i n v a d e r        )   t − 1   )  



(14)






   Θ  pargp   ⊕  Θ  subgp   =    Θ  pargp        Θ  pargp          Θ  subgp        Θ  subgp        



(15)




where    x  min  g    is the position of the agent in  g  that is closest to the dynamic obstacle and    x  i n v a d e r     represents the position vector of the dynamic obstacle.



Where    ʑ  i n d u c t i o n _ a r e a     is the safe trapping range of the sub-swarm, and the sub-swarm within the safe trapping range flies to the pseudo-target point with randomness if the trapping is judged to be successful, and    T  testing _ thresholds     is the judgment threshold. When the number of times    ɵ  p a r e n t − s w a r m   ⊕  ɵ  s u b − s w a r m   = = − 1   is determined to be anomalous and exceeds a threshold, the sub-swarm determines that the dynamic obstacle is free from trapping.






	Algorithm 2 Sub-Swarm Trapping Algorithm



	input:    x  min  g   ,    N i g   t   ,    v  i n v a d e r    

output: utrapping, ulure

function sub-swarm trapping

     T  testing _ cycle   ← 0  

  if    x  min  g     <  R  R a d i u s     then  

   sub-swarm   ←   Algorithm 1

   if    x  min  g    >   max (  ʑ  induction _ area   )   then  




   u  l u r e   ← −    x  min   s u b _ s w a r m   −  x  i n v a d e r     ‖  x  i n v a d e r   −  x  min   s u b _ s w a r m   ‖   + ‖  v g  ‖  



(16)






   end if

   if    x  min  g    ∈       ʑ  i n d u c t i o n _ a r e a     then  




   u  t r a p p i n g   ← −  u  g u i   −    x  i n v a d e r   −  x  min   s u b _ s w a r m     ‖  x  i n v a d e r   −  x  min   s u b _ s w a r m   ‖   +  k  s u b _ s w a r m    



(17)






   end if

   for   i   ←   1   :    T  testing _ cycle     do  

    if    ɵ  p a r e n t − s w a r m   ⊕  ɵ  s u b − s w a r m   = = − 1   then  

        T  testing _ cycle     ←    T  testing _ cycle   + 1  

    end if

  When    T    testing   _ cycle     = =  T  testing _ thresholds    

       u  t r a p p i n g   ←   16    

  end for

  if    ɵ  i n v a d e r   → 0      and    v  i n v a d e r   → 0   then  

      φ j g  = 0 , j   ∈   s u b − s w a r m   1 , 2 , , , , e x c e p t _ n u m b e r    

  end if

 end if

  return    u  t r a p p i n g      ,    u  l u r e    

end function










5. Simulation Studies


In this section, numerical simulation experiments are conducted to verify the feasibility and effectiveness of the proposed algorithm.



5.1. Swarm Campaign Evaluation Metrics


5.1.1. Order Parameters


The orderliness of cluster motion is usually described by order parameters according to Vicsek [39]. The polarization index and the differentiation index are utilized in this section as order parameters for fission–fusion motion analysis of the UAV swarm.



	
Polarization Index






The polarization index refers to the degree of the motion direction of all UAVs in the carving and the mass of each drone tends to be the same.



The polarization index   ϕ ∈   0 , 1     is positively correlated with the degree of fusion movement coherence. A polarization index threshold    ϕ  f l o c k     is set, and the swarm is considered well-ordered when the polarization index is greater than    ϕ  f l o c k    .


  ϕ =  1   N i g    ‖   ∑   i = 1    N i g       v i g    ‖  v i g  ‖   ‖  



(18)




where    v i g  ∈  R n    is velocity vector and    N i g    is the number of interacting agents with agent  i  in  g .



	2.

	
Differentiation Index







When the fission–fusion movement of a UAV swarm occurs, the velocities of agents within the swarm diverge, which produces a sub-swarm with different velocities and lead to the reduction of the polarization index. However, the polarization index cannot be used as a basis for the occurrence of the fission–fusion movement, since the decrease of the polarization index does not mean the emergence of the fission–fusion movement. The differentiation index  λ  in [17] is chosen to reflect the velocity differentiation of agents within the swarm, which is defined as follows:


  λ =    Γ 2  + 1  ℏ   



(19)






  Γ =    1 N    ∑   i = 1  N    (  v i  −  v ¯  )  3    (   (  1 N    ∑   i = 1  N    (  v i  −  v ¯  )  3  )    ) 3     



(20)






  ℏ =    1 N    ∑   i = 1  N    (  v i  −  v ¯  )  4    (  1 N    ∑   i = 1  N    (  v i  −  v ¯  )  2   ) 2     



(21)




where  Γ  denotes the skewness of the velocity distribution of the UAV swarm and  ℏ  is the kurtosis of the velocity distribution of the UAV cluster. Differentiation index   λ ∈ [ 0 , 1 ] :     λ ≤ 5 / 9   corresponds to a single-peaked distribution with undifferentiated individual velocities;   λ > 5 / 9   corresponds to a bimodal distribution, where individual velocities have begun to diverge;   λ = 1   denotes two independent Rernouli distributions, which indicates that the velocities have fission completely based on the experience; and   λ > 0.9   is used as a marker for completing the sub-swarm movement.




5.1.2. Performance Evaluation Index


To compare the tissue motility of the cluster models in different situations, the corresponding precision of response stimuli is introduced to represent the induced motility of the sub-swarm. The communication load is to describe the overall communication pressure of the swarm.



	
The Precision of Response Stimuli






The precision of response stimuli indicates the proximity of the UAV swarm motion direction and the moving obstacle stimulus direction (the opposite of the moving obstacle motion direction) when a moving obstacle is encountered. A value of   Λ = 0   means that all agents of the swarm did not change direction after encountering a moving obstacle and   Λ = 1   indicates that the UAV swarm has co-located in the same direction of motion with the moving obstacle. The precision of response stimuli is defined as follows:


   Λ =   A −  A 0    1 −  A 0       A =  1   N i g      ∑   i = 1    N i g      1 +  r i   r  a t t    2     A 0  =   1 +  r o   r  a t t    2    



(22)




where    r i    is the unitized velocity vector of agent  i , indicating the velocity direction of agent  i .    r  a t t     means the direction of movement of the dynamic obstacle,    r o    is the direction of cluster movement before stimulation, and    r  a t t     and    r o    are unit vectors.



	2.

	
Communication Load







The communication load represents the average communication distance cost of a UAV swarm, and the communication load decreases with the average communication distance cost. The communication load is defined as follows:


   N  c l   =  1 N  ‖   ∑   i = 1  N    ∑   j = 1    N i g     d  i j  g  ‖  



(23)




where    d  i j  g    is the actual distance between agent  i  and agent  j  in  g , and    N i g    is the number of interacting agents with agent  i  in  g .





5.2. Swarm Simulation Parameter Setting


Table 1 shows the parameter settings during the simulation experiment.




5.3. Simulation Results


In this section, two sets of simulation experiments are conducted to verify the feasibility and effectiveness of the proposed algorithm. In the simulation test, the number of agents is set to 20. The agents are randomly generated in cubic meters of space. The initial velocity of the agents is zero. Each simulation step is 1 s. The dynamic obstacle starting points is (20, 60, 0). The number of sub-swarms is five. Please refer to Appendix A for the motion modeling of dynamic obstacles.



5.3.1. Fission–Fusion in the Absence of Back-Catch


The goal of the UAV swarm control is to achieve self-organized fission–fusion with no anti-catch movement of the sub-swarm and ensure that the parent swarm is not affected by dynamic obstacles. The simulation results are shown in Figure 3a–f. Figure 3a demonstrates the complete UAV swarm, in which the fission sub-swarm process for trapping when dynamic obstacles are encountered and the process of returning to the parent swarm after trapping is completed. In such conditions, the dynamic obstacle tracks the swarm from the position of     20 ,   60 ,   0    . When the dynamic obstacle enters the sensing range of the closest agent, the swarm undergoes a fission motion and splits into a sub-swarm with five as well as a parent swarm with fifteen. The sub-swarm quickly completes position coordination to form a stable swarm state while heading to trap the dynamic obstacle. The self-organized returns to the parent swarm to fuse after the trapping is completed. Figure 3b,c shows the initial state of the UAV swarm, and the UAV swarm moving toward the target point, respectively, where the UAVs achieve self-organization to keep a stable swarm state when no dynamic obstacles are encountered. Figure 3d indicates that when the UAV swarm detects a dynamic obstacle, it starts a fission motion to achieve sub-swarm stabilization quickly, and commences a trapping motion for the dynamic obstacle by flying to a pseudo-target point that is not the same as the real target point simultaneously. Figure 3e shows that when the sub-swarm detects a dynamic obstacle leaving the trapping area and its direction is different from that of the parent swarm, the sub-swarm decides to complete the trapping movement and returns to the parent swarm. Figure 3f shows that after the sub-swarm returns to the parent swarm, the sub-swarm as well as the parent swarm achieve self-organized fusion and reach the target point together.



Figure 4 represents the variation process of polarization and differentiation indices of the UAV swarm in the fission–fusion process in the absence of back-catch. The polarization index in Figure 4a indicates that the UAV swarm achieved the swarm fusion process within 20 s. The polarization index of the sub-swarm Figure 4b and the parent swarm Figure 4c quickly stabilized back to one after the occurrence of the sub-swarm movement. When the sub-swarm returned to the parent swarm, the polarization index re-stabilized around one after a brief drop in a short period. The polarization index of the parent swarm is affected only during the fission process. The whole process is not directly influenced by dynamic obstacles.



Figure 5 represents the variation process of the UAV swarm’s differentiation index in the fission–fusion process without a back-catch. The differentiation index illustrates that the UAV swarm is one swarm around 3~23 s, the sub-swarm is differentiated around 23 s, and the differentiation index of the two swarms is stable at around one. When the sub-swarm returns to the parent swarm after completing trapping for about 76 s, they are fused into a steady swarm, which proves the effectiveness of the bio-inspired self-organized fission–fusion swarm algorithm for UAV swarm with a controllable number of UAVs in sub-swarm.




5.3.2. Fission–Fusion Processes in the Case of Back-Catch


In this section, we test whether the UAV swarm can achieve fission–fusion and complete trapping movement to ensure that the parent swarm is not affected by dynamic obstacles when anti-trapping exists.



The simulation results are shown in Figure 6a–f. In Figure 6a, the complete UAV swarm fission into sub-swarm when encountering dynamic obstacles. The sub-swarm completes the trapping motion and finally returns to the parent swarm after completing the trapping in the presence of counter-trapping movement. In such conditions, dynamic obstacles track swarm from the location of     20 ,   60 ,   0    . When a dynamic obstacle enters the sensory range of the closest agent, the swarm self-organizes fission into a sub-swarm with five agents and a parent swarm with fifteen agents. Sub-swarm quickly completes position coordination to form a stable state while heading to trap dynamic obstacles. During the trapping process, the dynamic obstacle are tracked the parent swarm again, and the sub-swarm self-organized the counter-trapping movement and successfully trapped the dynamic obstacle. Finally, the sub-swarm completes the trapping action and self-organizes back to the mother group for integration. Figure 6b shows the initial state of the UAV swarm. In Figure 6c, when the UAV swarm detects a dynamic obstacle, it performs a fission movement and quickly achieves sub-swarm stabilization while starting to trap the dynamic obstacle. Figure 6d indicates that when a dynamic obstacle enters the trapping interval of a sub-swarm, the sub-swarm turns to fly to a pseudo-target point that is different from the actual target point. Figure 6e shows that when the dynamic obstacle has left the trapping area and the flight direction is the same as the parent swarm, the sub-swarm starts a counter-trapping movement and successfully traps the dynamic obstacle again. Figure 6f indicates the sub-swarm returning to the parent swarm after completing the trapping movement to fuse and reach the target point together.



Figure 7 represents the variation process of the UAV swarm’s polarization index in the fission–fusion process in the anti-catch situation. The polarization index demonstrates that the UAV swarm achieves the fusion process from zero to one in 0~10 s. The polarization indices of the sub-swarm and the parent swarm rapidly stabilized back around one after the emergence of the splitting movement, which indicates the formation of two stable swarms. When the sub-swarm returned to the parent swarm, the polarization index re-stabilized around one after a brief decline in a short period. The polarization index of the parent swarm is known to be affected only during the fission process, and the whole process is not directly influenced by dynamic obstacles, which illustrated the effectiveness of the bio-inspired self-organized fission–fusion swarm algorithm for the UAV swarm with a controllable number of UAVs in sub-swarm.



Figure 8 denotes the variation process of the UAV swarm’s differentiation index in the fission–fusion process in the anti-catch situation. The differentiation index shows that the UAV swarm is one swarm from 0 to 30 s, the sub-swarm is differentiated at about 30 s, and the differentiation index of both swarms is stable around one. In the case of anti-capture, the differentiation index did not receive severe effects from the anti-capture process. When the sub-swarm returned to the parent swarm after completing trapping, they fuse into a stable swarm.



Figure 9 represents the precision of response stimuli of sub-swarm and parent swarm during the fission–fusion of the UAV swarm in two cases. The results in Figure 9a show the change in the precision of response stimuli is without backpatch, and the results in Figure 9b show the change in the precision of response stimuli with backpatch. Analyzed in Figure 9, the swarm exhibited good precision of response stimuli performance in the sub-swarm in the fission process. The induced forces and random disturbances of the sub-swarm lead to the significant magnitude of the variation in the precision of response stimuli. For the parent swarm, the fission was slightly affected by dynamic obstacles at the beginning, which is mainly produced by the need for the parent swarm to regroup during the fission process, which is caused by the indirect effect of dynamic obstacles. The dynamic obstacles did not affect the parent swarm for the rest of the time.



Figure 10 demonstrates the change in communication load for the UAV swarm, which utilizes the starling topological interaction structures with different sizes of fixed distance structures. Figure 10a,b shows the communication load variation without back-capture, and the communication load variation with back-capture, respectively. The simulation results show that the UAV swarm in the absence of fission reduces the communication pressure in both cases significantly. The starling topological interaction structure still yields some advantages during fission, which is its dominance in the swarm.






6. Conclusions


With the increasing research on UAV swarms, the control methods for self-organized fission–fusion of UAV swarms have become a growing interest of researchers. However, in the field of dynamic obstacles for tracking functions, the rapidly changed behavior of the dynamic obstacles is still challenging for UAV swarm control. A new Bio-inspired Self-organized Fission–fusion Control (BiSoFC) algorithm for the UAV swarm with a controllable number of UAVs in the sub-swarm is proposed to solve such a problem. Unlike the existing algorithms, our proposed method targets dynamic obstacles with a tracking function by fissioning a controllable number of independent sub-swarms to trap the tracking intruders for movement and return to the parent swarm self-organized to complete the fission–fusion. The objective is that the parent swarm is not affected by dynamic obstacles. We introduced the starling topological interaction structure and proved the structure’s competitiveness by adopting communication load evaluation metrics through simulation results. For the two cases, the simulation experiments of the proposed control algorithm are conducted with numerical simulation with evaluation metrics. Experiments demonstrate the effectiveness and feasibility of the proposed bio-inspired self-organized fission–fusion swarm algorithm for a UAV swarm with a controllable number of UAVs in the sub-swarm. In the future, the game mechanism should be considered in the control method of the swarm and an in-depth study of the effect of some specific parameters on the algorithm should be conducted.
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Appendix A


Dynamic Obstacle Movement Model


We set up a dynamic obstacle with a large sensing range and used the drones which are closest to it as the dynamic obstacle tracking targets. The kinematic equations for the dynamic obstacle are formulated as follows:


        x ˙   i n v a d e r   =  v  i n v a d e r         v ˙   i n v a d e r   =  u     i n v a d e r     −  δ     i n v a d e r         v     i n v a d e r       2   v     i n v a d e r          



(A1)






   u     i n v a d e r     =  κ  i n v a d e r      a u t        v  i n v a d e r        v  i n v a d e r       +  κ  i n v a d e r      x  min    son _ subgroup    −  x  i n v a d e r        x  min    son _ subgroup    −  x  i n v a d e r       +  δ     i n v a d e r          v     i n v a d e r        2   v     i n v a d e r      



(A2)




where    x  i n v a d e r   =    x  i n v a d e r   ,  y  i n v a d e r   ,  h  i n v a d e r     ∈  R n    is the 3D position coordinates of the dynamic obstacle,    v  i n v a d e r   ∈  R n    is the velocity vector of the dynamic obstacle,    u  i n v a d e r   ∈  R n    is the control input of the dynamic obstacle,    κ  i n v a d e r   a u t     is the moving inertia coefficient of the dynamic obstacle,    κ  i n v a d e r     is the tracking factor, and   −  δ  i n v a d e r   ‖  v  i n v a d e r   ‖   2   v  i n v a d e r     is the friction generated by the dynamic obstacle and the environment.
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Figure 1. The effect of dynamic obstacles on traditional swarm motion. (a) swarm reaches the target point in a roundabout manner avoiding dynamic obstacles; (b) swarm reaches the target point by avoiding dynamic obstacles without tracking capabilities in fission–fusion; (c) swarm avoids dynamic obstacles with tracking capabilities in a roundabout manner but cannot reach the target point; (d) swarm evades dynamic obstacles with tracking capabilities in a fission–fusion but cannot reach the target point. 
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Figure 2. Comparison of fixed-distance interaction structure and topological interaction structure. (a) the fixed-distance interaction structure; (b) the topological interaction structure. 
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Figure 3. Fission–fusion process of the UAV swarm without anti-catch mechanism. (a) the process of the complete UAV swarm fission–fusion; (b) the initial state of the UAV swarm; (c) the swarm quickly forms a stable swarm state; (d) the swarm performs fission movement and traps dynamic obstacles; (e) the subs-warm completes its trapping movement and starts to return to the parent swarm; (f) the sub-swarm fusion with the parent swarm. 
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Figure 4. Polarization index in the fission–fusion process of the UAV swarm without an anti-capture situation. (a) overall polarization index; (b) sub-swarm polarization index; (c) parent swarm polarization index. 
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Figure 5. Divergence indices in the fission–fusion process of the UAV swarm without anti-catch situation. 






Figure 5. Divergence indices in the fission–fusion process of the UAV swarm without anti-catch situation.



[image: Aerospace 09 00714 g005]







[image: Aerospace 09 00714 g006a 550][image: Aerospace 09 00714 g006b 550] 





Figure 6. Fission–fusion process of UAV swarm under the anti-capture situation. (a) the process of the complete UAV swarm fission–fusion; (b) the initial state of the UAV swarm; (c) the swarm quickly forms a stable swarm state; (d) the swarm performs fission movement and traps dynamic obstacles; (e) sub-swarm to dynamic obstacles for re-capture movement; (f) the sub-swarm completes trapping and returns to the mother swarm for fusion. 
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Figure 7. Polarization indices in the fission–fusion process of UAV swarm under the anti-catch situation. (a) overall polarization index; (b) sub-swarm polarization index; (c) parent swarm polarization index. 
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Figure 8. Divergence indices in the fission–fusion process of UAV swarm under the anti-catch situation. 
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Figure 9. Precision of response stimuli of sub-swarm and parent swarm in two cases. (a) the precision of response stimuli without backpatch; (b) the precision of response stimuli with backpatch. 
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Figure 10. Variation of communication load under different interaction structures in two cases. (a) the communication load variation without back-capture; (b) the communication load variation with back-capture. 
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Table 1. Swarm simulation parameter setting.
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Parameters

	
Description

	
Numerical Value






	
    γ  i n e     

	
inertia coefficient

	
0.8




	
  ξ  

	
environmental damping factor

	
0.004




	
  ϑ  

	
random noise factor

	
0.003




	
    Γ  p o s     

	
position cooperation factor

	
1




	
    Γ  v e l s     

	
velocity alignment factor

	
1




	
    l c g    

	
decay coefficient

	
0.2




	
    l a g    

	
desired spacing

	
0.2




	
    α ψ    

	
self-driving instrument control parameters.

	
0.75




	
    α v    

	
3




	
    α h    

	
0.3




	
    α  h ˙     

	
1




	
    v  min     

	
minimum horizontal speed

	
0.05




	
    v  max     

	
maximum horizontal speed

	
1.5




	
    φ  max     

	
maximum lateral overload

	
10




	
    ℏ  max     

	
maximum height change rate

	
2.35




	
ɡ

	
gravitational acceleration

	
9.8




	
    ℏ  min     

	
minimum height change rate

	
−2.35




	
    R  R a d i u s     

	
perception radius

	
70




	
    ϕ  f l o c k     

	
polarization index threshold

	
0.85




	
    T  testing _ thresholds     

    ʑ  i n d u c t i o n _ a r e a     

	
judgment thresholds

safe trapping range

	
3

3–5
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