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Abstract


This paper investigates the distributed formation control problem for nonlinear multiagent systems subject to full-state constraints and proposes a predefined-time neural adaptive control scheme based on a nonlinear mapping technique. To handle the time-varying asymmetric constraints on system states, a smooth and invertible nonlinear mapping function is introduced to transform the original constrained states into unconstrained variables, thereby eliminating the dependence on initial conditions typically required by traditional barrier Lyapunov functions. Within this transformed framework, a predefined-time distributed formation control law is developed, which guarantees that all followers converge to the desired formation configuration and track the leader’s trajectory within a user-specified time upper bound, independent of the initial states. Radial basis function neural networks are employed to approximate the unknown nonlinear dynamics of each agent, and adaptive laws are designed to update the network weights online. Theoretical analysis shows that all closed-loop signals remain bounded, the original system states strictly stay within their prescribed constraint boundaries at all times, and the formation tracking errors converge to a small neighborhood of the origin within the predefined time. Numerical simulations validate the effectiveness of the proposed method, demonstrating faster convergence, higher steady-state accuracy, and improved robustness to initial conditions compared to existing control approaches.
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1. Introduction


In recent decades, the distributed coordinated control of multiagent systems (MASs) has attracted widespread attention in both the academic and industrial communities due to its expansive applications in unmanned aerial vehicle formations, autonomous robotic swarms, sensor networks, and smart grids [1,2,3]. At the core of MAS cooperation lies the fundamental problem of consensus or formation tracking, which requires all distributed agents to reach an agreement on specific state trajectories or to seamlessly follow a dynamic leader via localized communication topologies [4,5,6]. However, operating in complex, dynamically changing environments inevitably introduces uncertain nonlinear dynamics into each individual agent. To address these inherent structural uncertainties and guarantee accurate tracking performance, adaptive neural network control has emerged as an exceptionally robust strategy [7,8,9]. By leveraging the universal approximation capability of radial basis function (RBF) neural networks, unknown smooth nonlinear functions can be effectively approximated without requiring a precise system model [10,11,12]. For high-order nonaffine or strict-feedback nonlinear MASs, backstepping is commonly combined with neural network approximation in control design [13,14,15].



Real-world physical systems are strictly governed by mechanical limitations, safety specifications, and operational boundaries. Consequently, the state variables of agents must be rigorously confined within predefined constraint regions. Ignoring full-state constraints can severely deteriorate transient performance or even cause hardware failures. To enforce state constraints, arrier Lyapunov functions (BLFs) are commonly integrated into adaptive backstepping [16,17,18]. The BLF grows to infinity as states approach the specified boundary, thereby preventing constraint violations [19,20]. However, BLF-based control requires stringent feasibility conditions on virtual control laws during the recursive backstepping procedure, which are difficult to verify and limit design flexibility [21,22,23]. To overcome these limitations, alternative methods such as nonlinear mapping functions have been proposed [24,25]. By converting the constrained system into an equivalent unconstrained representation, the nonlinear mapping approach bypasses the feasibility bottlenecks of BLFs and simplifies control design [26,27].



Beyond safety constraints, the convergence speed of the cooperative tracking error remains a pivotal performance metric for multiagent systems. Asymptotic consensus guarantees convergence only as time tends to infinity, which is insufficient for time-critical missions. Finite-time control ensures convergence within a bounded time [28,29], but the settling time depends on the initial states [30,31,32]. Fixed-time control removes this dependency, yet the upper bound is often a complex function of controller gains, making tuning difficult [33,34,35]. By contrast, predefined-time control [36,37,38] allows the user to explicitly prescribe a constant settling time in the controller design, achieving convergence within that bound regardless of initial conditions and without complex gain tuning [39,40,41,42].



Inspired by the discussion above, we develop a novel distributed predefined-time neural [43] adaptive control scheme for a class of leader-following multiagent systems, characterized by uncertain affine nonlinear second-order dynamics and full-state constraints. By synergizing a nonlinear mapping technique with an adaptive predefined-time backstepping framework, the proposed approach ensures that all closed-loop signals are cooperatively semi-globally uniformly ultimately bounded (CSUUB). To sum up, the main contributions of our work are listed as follows.



	
Compared with traditional finite-time and fixed-time control methods, the proposed controller guarantees the convergence of the tracking error within a constant predefined time prescribed by the user for any initial condition, which solves a vital problem in the distributed control field. Many practical cooperative multiagent systems are required to achieve a fast steady response from the transient response. This article provides a predefined-time cooperative control method wherein the settling time is an explicit parameter decoupled entirely from the initial states, thus meeting this stringent demand directly.



	
Although the considered system is subject to strict full-state physical constraints, the presented global predefined-time adaptive control scheme guarantees that the closed-loop system remains stable without suffering from the highly restrictive feasibility conditions of BLFs. This means that the control method in this article is superior to the existing approaches relying heavily on BLF architectures. The reason is that a novel state-dependent nonlinear mapping is explicitly applied to transform the fully constrained tracking error system into an equivalent unconstrained space. Consequently, this circumvents the complicated inequality checks inherent in BLF-based backstepping, while still guaranteeing constraint satisfaction. Moreover, the presented controller ensures that the tracking error converges to zero within the preset time even in the presence of strong system uncertainties.



	
RBF neural networks are seamlessly integrated into the backstepping procedure rather than relying on precise modeling. The distributed adaptive weight update laws are formulated using solely local information exchanged over a directed communication graph, successfully eliminating the need for global network topology knowledge. Furthermore, the derivatives of the virtual control laws are efficiently handled without inducing singularities, which successfully avoids the traditional problem of “explosion of complexity” during recursive design, thereby streamlining implementation for high-order interconnected systems.







2. System and Problem Presentation


	A.

	
System formation







Consider a class of leader-following multiagent systems, characterized by uncertain affine nonlinear second-order dynamics and comprising a single leader agent 0, numbering   N   N ≥ 2     followers. The   i th   follower agent of the affine nonlinear multiagent system is described by the following dynamics:


      x ˙   i , 1   =  f  i , 1      x  i , 1     +  x  i , 2         x ˙   i , 2   =  f  i , 2      x  i , 1   ,  x  i , 2     +  u i       y i  =  x  i , 1      



(1)




where    x  i , 1   ∈ ℜ ,    x  i , 2   ∈ ℜ   are the   i th   states of the affine nonlinear multiagent system  i ,    y i  ∈ ℜ   is the output of the system,    u i  ∈ ℜ   denotes the controller need to be designed, the functions    f  i , 1    ⋅  ∈ ℜ   and    f  i , 2    ⋅  ∈ ℜ   belong to a class of unknown smooth nonlinear functions for   i = 1 , 2 , … , N  . The dynamics of the leader agent are described by:


      x ˙  d  =  F d     x d  , t        y d  =  x d     



(2)




where    y d  ∈ ℜ   represents the output of the leader agent, and error states are defined as    e i  =  y i  −  y d   .



Let   G =   V , E     represent the directed communication graph among the agents. The node set   V =    v 1  ,  v 2  , … ,  v N      denotes the collection of agents. The edge set   E ⊆ V × V   describes the information flow. An edge     j , i   ∈ E   signifies that agent  i  can directly receive information from agent  j . In this case, agent  j  is considered a neighbor of agent  i . The neighbor set of agent  i  is therefore    N i  =    v j       v j  ,  v i    ∈ E      .



The adjacency matrix   A =    a  i j     ∈  ℜ  N × N     encodes the topology of   G =   V , E    . Its elements are defined such that    a  i j   = 1   if     j , i   ∈ E  , otherwise,    a  i j   = 0  . For a weighted graph, the value    a  i j     represents the weight of the edge. Self-loops are excluded, meaning    a  i i   = 0   for all  i . Finally, the degree matrix   D = d i a g    d 1  ,  d 2  , ⋯  d N    ∈  ℜ  N × N     is a diagonal matrix with its diagonal entries given by the in-degrees    d i  =   ∑  j = 1  k    a  i j      .



In the context of controlling nonlinear systems with full-state constraints, a nonlinear mapping is a transformation technique that converts a constrained system into an equivalent unconstrained one. Then the nonlinear mapping method is proposed as


  x =  x ¯  tanh  ξ   



(3)




therefore, to satisfy the full-state constraints, the multiagent system (1) is transformed into:


      ξ ˙   i , 1   =  F  i , 1      ξ  i , 1   ,  ξ  i , 2           ξ ˙   i , 2   =  F  i , 2      ξ  i , 1   ,  ξ  i , 2   ,  ξ  i , 3           ξ ˙   i , 3   =  τ i     



(4)




with


     F  i , 1   (   ξ  i , 1   ,  ξ  i , 2    ) =      x ¯   i , 1       x ¯   i , 1  2  −   x ¯   i , 1  2  tanh    ξ  i , 1        (   f  i , 1       x ¯   i , 1   tanh    ξ  i , 1       +   x ¯   i , 2   tanh (   ξ  i , 2    )  )      F  i , 2   (   ξ  i , 1   ,  ξ  i , 2   ,  ξ  i , 3    ) =      x ¯   i , 2       x ¯   i , 2  2  −   x ¯   i , 2  2  tanh (   ξ  i , 2    )    (   f  i , 2   (    x ¯   i , 1   tanh    ξ  i , 1     ,   x ¯   i , 2   tanh    ξ  i , 2      ) +   x ¯   i , 3   tanh (   ξ  i , 3    )  )    



(5)




where    ξ  i , 1   = arctanh       x  i , 1       x ¯   i , 1         ,    ξ  i , 2   = arctanh       x  i , 2       x ¯   i , 2         ,    ξ  i , 3   = arctanh       u i      x ¯   i , 3         , and     x ¯   i , 1   ,     x ¯   i , 2   ,     x ¯   i , 3     are positive constants with      x  i , 1     <   x ¯   i , 1   ,      x  i , 2     <   x ¯   i , 2   ,      u i    <   x ¯   i , 3    .



The local tracking error for agent  i  is given by:


   z  i , 1   =   ∑  j = 1  N    a  i j      ξ  i , 1   −  ξ  j , 1     +  b i       ξ  i , 1   −  ξ d     



(6)




where   i = 1 , 2 , … , N  , the element    a  i j     of the adjacency matrix characterizes the information flow between follower agents,    b i    denotes the pinning gain that reflects the connection between a follower and the leader.



It is well known that RBF neural networks have the capability to approximate unknown nonlinear functions with arbitrary accuracy. Such an approximation can be described as:


  F  x  =  W T  Ψ  x  + ε  x   



(7)




where   W =  ℜ  l × m     is the ideal constant weight matrix, and   ε  x  ∈  ℜ m    denotes the reconstruction error, which is defined as:


  W = arg   min   W ∈  ℜ l      sup   F  x  −  W T  Ψ  x       



(8)







	B.

	
Predefined-Time Stability







Consider the nonlinear system


   x ˙  = h   x , p    



(9)




where   x ∈  ℜ n    is the state vector,   p ∈  ℜ m    is the parameter vector, and   h :  ℜ n  ×  ℜ m  →  ℜ n    is a smooth nonlinear function satisfying   h   0 , p   = 0   (i.e., the origin is an equilibrium).



Definition 1

[44]. (Predefined-Time Stability): Consider the nonlinear system (9), the origin is said to be predefined time stable, if the solution   x    x 0  , t   = 0   hold when   t ≥  T c   , and    T c    is a constant independent of the initial condition    x 0   .





Lemma 1.

For nonlinear system (9), the origin of system (9) is predefined-time stable if there exists a Lyapunov function  V  such that for any initial condition    x 0   , the derivative of  V  along the trajectories of (9) satisfies


   V ˙  ≤ −   r  s  T c     exp       V s   r      V  1 − s       ∀ x ∈  ℜ n  \  0   



(10)




where   0 < s < 1  ,   r > 0   is a constant and    T c  > 0   is the predefined settling time.





Proof. 

Define   W =  V s   , then   W > 0   and    W ˙  = s  V  s − 1    V ˙   . Substituting the given differential inequality gives


   W ˙  ≤ s  V  s − 1     −   r  s  T c     exp       V s   r      V  1 − s     = −   r   T c     exp     W r      



(11)




find the solution of the differential equation


  W ( t ) ≤ − r ln   exp   −    W  0   r     +   t   T c        



(12)




therefore


  V ( t ) ≤     − r ln   exp   −     V s   0   r     +   t   T c             1 s      



(13)




The bound becomes zero when the argument of the logarithm equals one, as


  t =  T c    1 − exp   −     V s   0   r        



(14)




Hence   V  t  → 0  , proving finite-time convergence and    T c    is the predefined settling time. □





Definition 2

[44]. Consider the multiagent system (1) operating under a directed graph. The tracking errors are said to be cooperatively semi-globally uniformly ultimately bounded (CSUUB) if there exist constants    γ 1  > 0 ,    γ 2  > 0  , and bounds    α 1  > 0 ,    α 2  > 0  , all independent of    t 0   , such that for any    β 1  ∈   0 ,  γ 1      and    β 2  ∈   0 ,  γ 2     , there exists   T ≥ 0   (independent of    t 0   ) for which the following hold for all   t ≥  t 0  + T  :


       y i     t 0    −  y d     t 0      ≤  β 1  ⇒    y i   t  −  y d   t    ≤  α 1         y j     t 0    −  y i     t 0      ≤  β 2  ⇒    y j   t  −  y i   t    ≤  α 2     



(15)




where   j ≠ i ,  ,   i , j = 1 , 2 , … , N  .





This paper addresses the design of an adaptive neural consensus tracking protocol for the multiagent system (1) via a backstepping technique. The primary goal is to guarantee that all closed-loop signals are CSUUB and that each follower’s output    y i    asymptotically tracks the leader’s output    y d   .



Lemma 2

[44]. Let    a 1  ≤  a 2  ≤ … ≤  a n    and    b 1  ≤  b 2  ≤ ⋯ ≤  b n   , then the following inequality holds:


     ∑  i = 1  n     a i   b i    ≥   1 n      ∑  i = 1  n     a i       ∑  i = 1  n     b i     



(16)









Lemma 3

[44]. For any positive constants    c 1  ,    c 2  ,   ⋯ ,    c n   , then the following inequality holds:


        ∏  i = 1  n    c i          1 n     ≤   1 n     ∑  i = 1  n    c i     



(17)









Lemma 4

[44]. For any positive constants    d 1  ,    d 2  ,   ⋯ ,    d n   , and   0 ≤ d ≤ 1  , then the following inequality holds:


        ∑  i = 1  n    c i       d  ≤   ∑  i = 1  n    c i d     



(18)









Lemma 5

[45]. For   q > 0  , let    θ ˜  =  θ ^  − θ  , then the following inequality holds:


  − 2  θ ˜    θ ^  q  ≤ −  n 1    θ ˜   1 + q   +  n 2   θ  1 + q    



(19)




where    n 1  ,    n 2  > 0  .





Notation: In this article,   W ^   represents estimated weight,  W  represents ideal weight, then define   θ =  W   ,    θ ^  =   W ^     and    θ ˜  =  θ ^  − θ   hold.




3. Main Results


This section presents a distributed adaptive neural network control scheme for a class of nonaffine nonlinear leader-following multiagent systems. By integrating predefined-time stability theory with a backstepping design, the proposed controller utilizes neural networks to approximate unknown nonlinearities, with adaptive predefined-time laws governing the weight updates. The closed-loop error system is proven to achieve predefined-time consensus, ensuring that all followers track the leader within a predefined settling time independent of the initial conditions.



Based on the local tracking error for agent  i  in (6), the time-derivative can be derived from (4) as


      z ˙   i , 1   =   ∑  j = 1  N    a  i j       ξ ˙   i , 1   −   ξ ˙   j , 1     +  b i        ξ ˙   i , 1   −   ξ ˙  d            =   ∑  j = 1  N    a  i j      F  i , 1   −  F  j , 1     +  b i       F  i , 1   −  F d            =    d i  +  b i     F  i , 1   −   ∑  j = 1  N    a  i j    F  j , 1     −  b i   F d     



(20)







RBF NNs are utilized to approximate the unknown nonlinear term over a compact set    Ω 1   , yielding


     d i  +  b i     F  i , 1   −   ∑  j = 1  N    a  i j    F  j , 1     −  b i   F d  =  W  i , 1    Ψ  i , 1   +  ε  i , 1    



(21)




where    W  i , 1  T  ∈  ℜ l    is the ideal constant weight vector with      W  i , 1     ≤  θ  i , 1    ,    Ψ  i , 1   ∈  ℜ l    is the regressor vector, and    ε  i , 1   ∈ ℜ   is the approximation error bounded by      ε  i , 1     ≤  ε  i , 1  ∗    with    ε  i , 1  ∗  > 0  .



Following the backstepping design procedure for system (20), the virtual control input is chosen as:


   β  i , 1   = − s i g n    z  i , 1       θ ^   i , 1      Ψ  i , 1     − k exp        z  i , 1      p     z  i , 1  q  −  l 1  s i g n    z  i , 1     +  ξ  i , 2    



(22)




design the filter as


    α ˙   i , 1   = −  w  i , 1      α  i , 1   −  β  i , 1      



(23)




where    w  i , 1   > 0  , then the dynamics of    z  i , 1     can be derived as:


      z ˙   i , 1   =  W  i , 1    Ψ  i , 1   +  ε  i , 1   − s i g n    z  i , 1       θ ^   i , 1      Ψ  i , 1     − k exp        z  i , 1      p     z  i , 1  q      −  l 1  s i g n    z  i , 1     +  z  i , 2   +  y  i , 1      



(24)




where    z  i , 2   =  ξ  i , 2   −  α  i , 1    ,    y  i , 1   =  α  i , 1   −  β  i , 1    ,   p , q > 0  ,   k > 0 ,    l 1  > 0  .



Select a Lyapunov function candidate as:


   V 1  =  z  i , 1  2   



(25)




the time derivative of (25) is given by:


      V ˙  1  = 2  z  i , 1     z ˙   i , 1           = 2  z  i , 1    W  i , 1    Ψ  i , 1   + 2  z  i , 1    ε  i , 1   − 2   θ ^   i , 1      z  i , 1        Ψ  i , 1     − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2  l 1     z  i , 1             + 2  z  i , 1    z  i , 2   + 2  z  i , 1    y  i , 1           ≤ 2    z  i , 1        W  i , 1        Ψ  i , 1     + 2  z  i , 1    ε  i , 1   − 2   θ ^   i , 1      z  i , 1        Ψ  i , 1     − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2  l 1     z  i , 1             + 2  z  i , 1    z  i , 2   + 2  z  i , 1    y  i , 1           = 2  θ  i , 1      z  i , 1        Ψ  i , 1     − 2   θ ^   i , 1      z  i , 1        Ψ  i , 1     + 2  z  i , 1    ε  i , 1   − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2  l 1     z  i , 1             + 2  z  i , 1    z  i , 2   + 2  z  i , 1    y  i , 1           ≤ − 2   θ ˜   i , 1      z  i , 1        Ψ  i , 1     + 2  z  i , 1    ε  i , 1   − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2  l 1     z  i , 1     + 2  z  i , 1    z  i , 2   + 2  z  i , 1    y  i , 1      



(26)




where    z  i , 1    W  i , 1    Ψ  i , 1   ≤    z  i , 1        W  i , 1        Ψ  i , 1      ,    θ  i , 1   =    W  i , 1      ,     θ ˜   i , 1   =   θ ^   i , 1   −  θ  i , 1    , and the adaptive law for the neural networks is designed as:


     θ ^  ˙   i , 1   =    z  i , 1        Ψ  i , 1     −  σ  i , 1     θ ^   i , 1  q   



(27)







With the error state    z  i , 2     and system (4) as the foundation, the following holds:


      z ˙   i , 2   =   ξ ˙   i , 2   −   α ˙   i , 1       =  F  i , 2   −   α ˙   i , 1      



(28)







RBF NNs are utilized to approximate the unknown nonlinear term over a compact set    Ω 2   , yielding


   F  i , 2   −   α ˙   i , 1   =  W  i , 2    Ψ  i , 2   +  ε  i , 2    



(29)




where    W  i , 2  T  ∈  ℜ l    is the ideal constant weight vector with      W  i , 2     =  θ  i , 2    ,    Ψ  i , 2   ∈  ℜ l    is the regressor vector, and    ε  i , 2   ∈ ℜ   is the approximation error bounded by      ε  i , 2     ≤  ε  i , 2  ∗    with    ε  i , 2  ∗  > 0  .



Following the backstepping design procedure for the system (28), the virtual control input is chosen as:


   β  i , 2   = −  z  i , 1   − s i g n    z  i , 2       θ ^   i , 2      Ψ  i , 2     − k exp        z  i , 2      p     z  i , 2  q  −  l 2  s i g n    z  i , 2     +  ξ  i , 3    



(30)




design the filter as


    α ˙   i , 2   = −  w  i , 2      α  i , 2   −  β  i , 2      



(31)




where    w  i , 2   > 0  , then the dynamics of    z  i , 2     can be derived as:


      z ˙   i , 2   =  W  i , 2    Ψ  i , 2   +  ε  i , 2   −  z  i , 1   − s i g n    z  i , 2       θ ^   i , 2      Ψ  i , 2     − k exp        z  i , 2      p     z  i , 2  q  −  l 2  s i g n    z  i , 2             +  z  i , 3   +  y  i , 2      



(32)




where    z  i , 3   =  ξ  i , 3   −  α  i , 2    ,    y  i , 2   =  α  i , 2   −  β  i , 2    ,   p , q > 0  ,   k > 0 ,    l 2  > 0  .



Select a Lyapunov function candidate as:


   V 2  =  z  i , 2  2   



(33)




the time derivative of (25) is given by:


      V ˙  2  = 2  z  i , 2     z ˙   i , 2           = 2  z  i , 2    W  i , 2    Ψ  i , 2   + 2  z  i , 2    ε  i , 2   − 2  z  i , 1    z  i , 2   − 2   θ ^   i , 2      z  i , 2        Ψ  i , 2     − 2 k exp        z  i , 2      p        z  i , 2      q + 1           − 2  l 2     z  i , 2     + 2  z  i , 2    z  i , 3   + 2  z  i , 2    y  i , 2           ≤ 2  z  i , 2    ε  i , 2   − 2  z  i , 1    z  i , 2   − 2   θ ˜   i , 2      z  i , 2        Ψ  i , 2     − 2 k exp        z  i , 2      p        z  i , 2      q + 1           − 2  l 2     z  i , 2     + 2  z  i , 2    z  i , 3   + 2  z  i , 2    y  i , 2      



(34)




where     θ ˜   i , 2   =   θ ^   i , 2   −  θ  i , 2    , and the adaptive law for the neural networks is designed as:


     θ ^  ˙   i , 2   =    z  i , 2        Ψ  i , 2     −  σ  i , 2     θ ^   i , 2  q   



(35)







With the error state    z  i , 3     and system (4) as the foundation, the following holds:


      z ˙   i , 3   =   ξ ˙   i , 3   −   α ˙   i , 2       =  τ i  −   α ˙   i , 2      



(36)







RBF NNs are utilized to approximate the unknown nonlinear term over a compact set    Ω 2   , yielding


  −   α ˙   i , 2   =  W  i , 3    Ψ  i , 3   +  ε  i , 3    



(37)




where    W  i , 3  T  ∈  ℜ l    is the ideal constant weight vector with      W  i , 3     =  θ  i , 3    ,    Ψ  i , 3   ∈  ℜ l    is the regressor vector, and    ε  i , 3   ∈ ℜ   is the approximation error bounded by      ε  i , 3     ≤  ε  i , 3  ∗    with    ε  i , 3  ∗  > 0  .



Following the backstepping design procedure for the system (36), the control input is chosen as:


   τ i  = −  z  i , 2   − s i g n    z  i , 3       θ ^   i , 3      Ψ  i , 3     − k exp        z  i , 3      p     z  i , 3  q  −  l 3  s i g n    z  i , 3      



(38)




then, the dynamics of    z  i , 2     can be derived as:


    z ˙   i , 3   =  W  i , 3    Ψ  i , 3   +  ε  i , 3   −  z  i , 2   − s i g n    z  i , 3       θ ^   i , 3      Ψ  i , 3     − k exp        z  i , 3      p     z  i , 3  q  −  l 3  s i g n    z  i , 3      



(39)




where   p , q > 0  ,   k > 0 ,    l 3  > 0  .



Select a Lyapunov function candidate as:


   V 3  =  z  i , 3  2   



(40)




the time derivative of (40) is given by:


      V ˙  3  = 2  z  i , 3     z ˙   i , 3           = 2  z  i , 3    W  i , 3    Ψ  i , 3   + 2  z  i , 3    ε  i , 3   − 2  z  i , 2    z  i , 3   − 2   θ ^   i , 3      z  i , 3        Ψ  i , 3     − 2 k exp        z  i , 3      p        z  i , 3      q + 1   − 2  l 3     z  i , 3             ≤ 2  z  i , 3    ε  i , 3   − 2  z  i , 2    z  i , 3   − 2   θ ˜   i , 3      z  i , 3        Ψ  i , 3     − 2 k exp        z  i , 3      p        z  i , 3      q + 1   − 2  l 3     z  i , 3        



(41)




where     θ ˜   i , 3   =   θ ^   i , 3   −  θ  i , 3    , and the adaptive law for the neural networks is designed as:


     θ ^  ˙   i , 3   =    z  i , 3        Ψ  i , 3     −  σ  i , 3     θ ^   i , 3  q   



(42)







Theorem 1.

To achieve constraint control for the nonaffine nonlinear leader-following multiagent system (1), a nonlinear mapping is designed in conjunction with the local tracking error system (6), an adaptive predefined-time neural network control scheme is developed based on the backstepping technique. The virtual control laws are designed as (22) and (30), the distributed adaptive predefined-time update laws are given by (27), (35), (42) and the actual controller is constructed as (38). Under the proposed control scheme, the tracking error system achieves predefined-time consensus, and the convergence time is independent of the initial conditions.





Proof. 

Choose Lyapunov candidate functional as


  W =    ∑  j = 1  3     V j    +    ∑  j = 1  3      θ ˜   i , j  2    +    ∑  j = 1  2     y  i , j  2     



(43)




the time derivative of (43) is given by:


     W ˙  = − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2 k exp        z  i , 2      p        z  i , 2      q + 1   − 2 k exp        z  i , 3      p        z  i , 3      q + 1           − 2   θ ˜   i , 1     θ ^   i , 1  q  − 2   θ ˜   i , 2     θ ^   i , 2  q  − 2   θ ˜   i , 3     θ ^   i , 3  q          − 2    l 1  −  ε  i , 1  ∗       z  i , 1     − 2    l 2  −  ε  i , 2  ∗       z  i , 2     − 2    l 3  −  ε  i , 3  ∗       z  i , 3             − 2  w  i , 1    y  i , 1  2  − 2  w  i , 2    y  i , 2  2  − 2  y  i , 1     β ˙   i , 1   − 2  y  i , 2     β ˙   i , 2      



(44)




based on Lemma 5, and suppose       β ˙   i , 1     <  M 1  ,     β ˙   i , 2     <  M 2   , the parameters    l j    are selected to satisfy    l j  >  ε  i , j  ∗   , then


     W ˙  ≤ − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2 k exp        z  i , 2      p        z  i , 2      q + 1   − 2 k exp        z  i , 3      p        z  i , 3      q + 1           − 2  n 1    θ ˜   i , 1   q + 1   + 2  n 2   θ  i , 1   q + 1   − 2  n 1    θ ˜   i , 2   q + 1   + 2  n 2   θ  i , 2   q + 1           − 2    l 1  −  ε  i , 1  ∗       z  i , 1     − 2    l 2  −  ε  i , 2  ∗       z  i , 2     − 2    l 3  −  ε  i , 3  ∗       z  i , 3             − 2  w  i , 1       y  i , 1   +      β ˙   i , 1     2  w  i , 1        2  +     M 1 2    2  w  i , 1      − 2  w  i , 2       y  i , 2   +      β ˙   i , 2     2  w  i , 2        2  +     M 2 2    2  w  i , 2              ≤ − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2 k exp        z  i , 2      p        z  i , 2      q + 1   − 2 k exp        z  i , 3      p        z  i , 3      q + 1           − 2  n 1    θ ˜   i , 1   q + 1   − 2  n 1    θ ˜   i , 2   q + 1   − 2  w  i , 1       y  i , 1   +      β ˙   i , 1     2  w  i , 1        2  − 2  w  i , 2       y  i , 2   +      β ˙   i , 2     2  w  i , 2        2  + Δ    



(45)




where   Δ = 2  n 2   θ  i , 1   q + 1   + 2  n 2   θ  i , 2   q + 1   +     M 1 2    2  w  i , 1      +     M 2 2    2  w  i , 2       , therefore,    z  i , j   ,     θ ˜   i , j   ,    Ψ  i , j       are bounded.



Choose Lyapunov candidate functional as


  V =   ∑  j = 1  3    V j     



(46)




then


     V ˙  ≤ − 2 k exp        z  i , 1      p        z  i , 1      q + 1   − 2 k exp        z  i , 2      p        z  i , 2      q + 1   − 2 k exp        z  i , 3      p        z  i , 3      q + 1           − 2    l 1  − 2  ε  i , 1  ∗  +   θ ˜   i , 1      Ψ  i , 1          z  i , 1     − 2    l 2  − 2  ε  i , 2  ∗  +   θ ˜   i , 2      Ψ  i , 2          z  i , 2             − 2    l 3  − 2  ε  i , 3  ∗  +   θ ˜   i , 3      Ψ  i , 3          z  i , 3        



(47)




the design parameter    l j    satisfies    l j  − 2  ε  i , j  ∗  +   θ ˜   i , j      Ψ  i , j     > 0  , then


   V ˙  ≤ − 2 k exp        z  i , 1      p         z  i , 1       q + 1   − 2 k exp        z  i , 2      p         z  i , 2       q + 1   − 2 k exp        z  i , 3      p         z  i , 3       q + 1    



(48)




According to Lemma 2,


     ∑  j = 1  3    exp        z  i , j      p         z  i , j       q + 1     ≥   1 3      ∑  j = 1  3    exp        z  i , j      p         ∑  j = 1  3         z  i , j       q + 1      



(49)




choose parameters   0 < p < 2 , − 1 < q < 1  ,   0 <   p 2   < 1 , 0 <    q + 1  2   < 1  , based on Lemma 3 and Lemma 4, then


    1 3     ∑  j = 1  3   exp        z  i , j      p      ≥       ∏  j = 1  3   exp      z  i , j      p          1 3     = exp     1 3     ∑  j = 1  3    V j   p 2        ≥ exp     1 3         ∑  j = 1  3    V j          p 2        



(50)




Based on Lemma 3 and Lemma 4,


     ∑  j = 1  3         z  i , j  2        q + 1  2      =    ∑  j = 1  3     V j    q + 1  2      ≥       ∑  j = 1  3    V j           q + 1  2      



(51)




then we have


     V ˙  ≤ − 2 k exp     1 3         ∑  j = 1  3    V j          p 2            ∑  j = 1  3    V j          q + 1  2             = − 2 k exp       V   p 2     3      V     q + 1  2        



(52)




choose the parameters   p = 2 s , q = 1 − 2 s  ,   r = 3  ,   k =   r  2 s  T c      , then


   V ˙   x  ≤ −   r  s  T c     exp       V s   r      V  1 − s    



(53)




based on Lemma 1, the tracking error system achieves predefined-time consensus at the predefined time    T c   . □





Remark 1.

This subsection analyzes the computational complexity of the proposed controller. The main burden comes from: (i) backstepping recursion:   O  n    per agent; (ii) RBF network approximation and weight update:   O  L    each; (iii) multiagent interactions:   O    d  i n       per agent. The overall per-agent complexity per step is   O   n + L +  d  i n      . For moderate   N ≤ 10   and   L ≤ 10  , real-time implementation is feasible (sampling time    T s  = 0.01   seconds in our simulations). For large-scale systems with dense topologies (  N > 100  ), the complexity may become a bottleneck; possible remedies (event-triggered control, distributed computing, or network sparsification) are discussed as future work.





Figure 1 shows the control structure. The leader agent system trajectory provides the reference path. The error system compares it with the follower agents’ motion to generate tracking errors. These errors are fed into the predefined-time virtual control, then to the predefined-time backstepping control with the help of neural networks that handle system uncertainties. Finally, the follower agent system trajectory tracks the leader’s within a predefined time.




4. Simulation


This section presents simulation examples that demonstrate the validity of the proposed controller, highlighting its ability to achieve the desired control objectives under various scenarios.



Example 1.

Consider a class of leader-following multiagent systems, where the i follower agent of this affine nonlinear multiagent system is described by the following dynamic equation:


      x ˙   i , 1   = s  m  i a   sin    x  i , 1     + s  m  i b    x  i , 1   +  x  i , 2         x ˙   i , 2   = s  m  i c    x  i , 1    x  i , 2   +  u i       y i  =  x  i , 1      



(54)




where   i = 1 , 2 , 3 , 4  ,    x  i , 1     and    x  i , 2     represent the position and velocity of the  i  agent, respectively. The parameters   s  m  i a    ,   s  m  i b    ,   s  m  i c     and the initial condition for each follower agent are listed in Table 1. All other simulation settings are the same as in Example 1 and Example 2.





The adjacency matrix


  A =      0   1   0   0     1   0   1   0     0   1   0   1     0   0   1   0       



(55)







In the controller design, to address the unknown nonlinear dynamics, an RBF neural network is adopted for online approximation. Gaussian functions are chosen as the basis functions due to their simplicity, smoothness, and universal approximation capability. The network input vector includes position and velocity information, and the hidden layer contains a preset number of nodes, with the center and width of each node determined based on the input signal range to ensure effective coverage of the system’s operating region.



Figure 2 shows the position trajectories of the leader and the four followers. The leader follows a sinusoidal reference. Although the followers start from dispersed initial positions, they quickly catch up with the leader and thereafter track the sinusoidal trajectory with high accuracy, demonstrating the fast and precise tracking capability of the proposed scheme.



Figure 3 presents the velocity responses of the four followers. All velocity curves remain bounded throughout the simulation, which confirms that the system states are kept within the safe and stable range prescribed under the designed controller.



Figure 4 depicts the tracking errors of the followers. The errors converge rapidly to a small neighborhood of zero and stay there, illustrating the excellent steady-state performance and the fast transient response achieved by the predefined-time control.



Figure 5 shows the control input curves of the four followers. The control signals are smooth and bounded, initially taking larger values to eliminate the initial errors and then decaying to very small levels once the system reaches a steady state.



Example 2.

Consider a class of leader-following multiagent systems with external disturbances, where the  i  follower agent of this affine nonlinear multiagent system is described by the following dynamic equation:


      x ˙   i , 1   = s  m  i a   sin    x  i , 1     + s  m  i b    x  i , 1   +  x  i , 2   +  d  i , 1         x ˙   i , 2   = s  m  i c    x  i , 1    x  i , 2   +  u i  +  d  i , 2        y i  =  x  i , 1      



(56)




where  i = 1 , 2 , 3 , 4  ,    x  i , 1     and    x  i , 2     represent the position and velocity of the  i  agent, respectively,   s  m  1 a   = 0.2  ,   s  m  2 a   = 0.3  ,   s  m  3 a   = 0.4  ,   s  m  4 a   = 0.5  ,   s  m  1 b   = 0.1  ,   s  m  2 b   = 0.2  ,   s  m  3 b   = 0.3  ,   s  m  4 b   = 0.4  ,   s  m  1 c   = 0.3  ,   s  m  2 c   = 0.4  ,   s  m  3 c   = 0.5  ,   s  m  4 c   = 0.6  . The initial positions of the follower agents are    x  1 , 1    0  = 0.1  ,    x  2 , 1    0  = 0  ,    x  21    0  = 0.2  ,    x  2 , 2    0  = 0  ,    x  3 , 1    0  = 0.3  ,    x  3 , 2    0  = 0  ,    x  4 , 1    0  = 0.4  ,    x  4 , 2    0  = 0  , the    d  i , 1    t  = 0.1 sin   0.1 t    ,    d  i , 2    t  = 0.1 cos   0.1 t    .





Figure 2, Figure 3, Figure 4 and Figure 5 present the simulation results for the first multiagent system, which demonstrate the effectiveness of the proposed neural network adaptive control method. In this simulation, no external disturbances are considered. Figure 6, Figure 7, Figure 8 and Figure 9 show the simulation results when external disturbances are added to the first scenario. To ensure a fair comparison, the initial conditions and control parameters are kept exactly the same in both simulations. The results indicate that the system responses with disturbances are very similar to those without disturbances, further validating the robustness and effectiveness of the proposed control method against external disturbances.



Overall, these results validate the effectiveness of the integrated neural-network-based adaptive predefined-time control strategy: the neural network compensates for nonlinear uncertainties, the adaptive laws adjust the controller parameters online, and the predefined-time framework guarantees convergence within a fixed time independent of the initial conditions.



Table 2 compares the proposed method with the existing method in [15] under multiple initial conditions. The max-min range and standard deviation of the steady-state tracking errors are listed. The proposed method achieves smaller values in both metrics, indicating better robustness and less sensitivity to initial conditions.




5. Conclusions


This paper has presented a novel predefined-time neural adaptive control strategy for the distributed formation control of nonlinear multiagent systems with full-state constraints. By employing a nonlinear mapping technique, the proposed method successfully removes the initial-condition feasibility restrictions inherent in classical barrier Lyapunov function-based approaches, simplifying the controller design while rigorously ensuring that all state constraints are satisfied throughout the system operation. The integration of predefined-time stability theory guarantees that formation convergence occurs within any user-prescribed time bound, independent of how dispersed the followers are initially. Moreover, the incorporation of neural network approximation and adaptive laws effectively compensates for unknown nonlinearities, enhancing the system’s robustness against model uncertainties. Lyapunov-based stability analysis guarantees that all closed-loop signals are semi-globally uniformly ultimately bounded and that the tracking errors converge as desired. Comparative simulation results quantitatively confirm the advantages of the proposed scheme, including a faster transient response, significantly reduced steady-state errors, and stronger adaptability to varying constraint boundaries. Thus, this work provides a systematic and flexible solution for predefined-time formation control under full-state constraints.



Building on the results of this paper, future research will extend the proposed control framework to more complex scenarios, such as multiagent systems with switching communication topologies, actuator faults, input saturation, or event-triggered communication mechanisms. Additionally, the integration of reinforcement learning or observer-based techniques to further relax the requirement for full-state measurement and to handle external disturbances will be explored. Experimental validation on physical multiagent platforms is also planned to bridge the gap between theory and practical applications.
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Figure 1. Consensus control structure diagram of the closed system. 
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Figure 2. Output trajectories of the leader and four followers. 
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Figure 3. Velocity trajectories of four followers. 
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Figure 4. Position tracking errors of followers relative to the leader. 






Figure 4. Position tracking errors of followers relative to the leader.
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Figure 5. Four controllers of the agents. 
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Figure 6. Output trajectories of multiagent systems with external disturbance. 
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Figure 7. Velocity trajectories of multiagent systems with external disturbance. 
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Figure 8. Position tracking errors of multiagent systems with external disturbance. 
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Figure 9. Four controllers of multiagent systems with external disturbance. 






Figure 9. Four controllers of multiagent systems with external disturbance.
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Table 1. Parameters of each follower agent.






Table 1. Parameters of each follower agent.













	
	    s  m  i a      
	    s  m  i b      
	    s  m  i c      
	     x  i , 1      
	     x  i , 2      





	Agent 1
	0.2
	0.1
	0.3
	0.1
	0



	Agent 2
	0.3
	0.2
	0.4
	0.2
	0



	Agent 3
	0.4
	0.3
	0.5
	0.3
	0



	Agent 4
	0.5
	0.4
	0.6
	0.4
	0










 





Table 2. Performance comparison under different initial conditions.






Table 2. Performance comparison under different initial conditions.





	
Initial Condition

	
Method

	
Max-Min Range

	
Standard Deviation






	
#1

	
[15]

	
0.0152

	
1.4028 × 10−3




	
[36]

	
0.8542

	
8.8246 × 10−3




	
Proposed method

	
0.0020

	
8.2774 × 10−4




	
#2

	
[15]

	
0.0167

	
1.4043 × 10−3




	
[36]

	
0.8542

	
8.8246 × 10−3




	
Proposed method

	
0.0017

	
5.3697 × 10−4




	
#3

	
[15]

	
0.0158

	
1.4061 × 10−3




	
[36]

	
0.8542

	
8.8246 × 10−3




	
Proposed method

	
0.0018

	
5.3256 × 10−4
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