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Abstract
The formation control ofmultiple robot systemspresents significant challenges due to practi-
cal constraints such as disturbances, speed discontinuities, velocity constraints, and incom-
plete state information. This paper introduces a novel biologically inspired control scheme
that effectively addresses these challenges. First, utilizing the cascade design technique, a
distributed estimator is presented to provide smooth estimates of the leader’s state with-
out requiring derivative information. Subsequently, a nonlinear state estimator is proposed
to provide accurate estimates of both states and disturbances. After that, a biologically
inspired kinematic controller is developed that effectively resolves the speed surge and ve-
locity constraint issues. Following the kinematic control design, a robust dynamic controller
is developed based on the observed state to enhance robustness against disturbances. Fi-
nally, extensive simulation studies validate the effectiveness of the proposed approach and
verify the theoretical results.
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1. INTRODUCTION

Autonomous robotic platforms are increasingly valued in sectors such as emergency rescue missions, agricul-
ture, and environmental monitoring [1–4]. Formation control has been a core research topic within multirobot
collaboration and still attracts much research attention. The current formation techniques are classified mainly
into the following categories: behavior-based approach [5–7], leader-follower based approach [8–10], and virtual
structure approaches [11–13]. Among these methods, the leader-follower approach has been widely adopted in
industrial practice due to its architectural simplicity and ease of implementation [10,14,15]. This approach main-
tains a predefined formation by setting specific robots as the navigation reference, and the rest of the follower
dynamically adjusts their relative positions to maintain the formation.

It is noticed that the robustness of the traditional centralized strategy decreases drastically when the number
of following units increases, and failure of the leader node may trigger a system-level failure. Furthermore, the
effectiveness of the system is strongly correlated with communication quality, and the surge of the network load
is prone to lead to latency and deterioration of stability. To overcome these bottlenecks, modern research has
increasingly adopted distributed control frameworks, which are developed based on local information exchange
and awareness of neighboring states, thereby enhancing the system’s fault tolerance and scalability [16,17]. There
has been a significant amount of work that addresses the distributed formation approach of mobile robots [18–22].
However, the formation performance heavily depends on the state estimation accuracy. In the work by Peng et
al., an extended state observer along with a Kalman filter is developed to compensate for the disturbances and
noises for mobile robots [23]. Another research proposed a fixed-time extended state observer that observes the
total disturbances [24]. This research uses their respective approach to estimate the disturbances and the robot
states. Furthermore, formation performance depends not only on the accuracy of the estimation techniques but
also on the handling of practical constraints, such as velocity surge at the initial stage and velocity constraints,
which occur in some of the existing work [25,26]. To better understand the velocity surge, it is described that when
there is an initial error, the generated velocity is non-zero and therefore potentially generates an unreachable
infinite torque command. Therefore, taking these critical challenges into the design of the formation control is
rather important.

In this research, we address distributed leader-following in multi-mobile robot formation control and system-
atically solve three core challenges, namely unknown states, velocity jumps, and dynamic constraints. Firstly,
to achieve consensus, a distributed observer is constructed to carry out the estimation of the leader’s positional
and velocity states through the local information interaction among the following nodes. Then, we construct a
nonlinear estimation scheme to realize the robot states under uncertain external perturbations. After that, we
introduce the adaptive response mechanism of biological neurons to construct a neurodynamic motion con-
troller, which effectively resolves the steep changes in velocity commands observed in some existing works and
ensures that these commands remainwithin preset thresholds. In addition, a dynamic controller is implemented
that ensures the robust behavior of mobile robots in the presence of external perturbations. This hierarchical
progressive control architecture is demonstrated through simulation verification.

The main contributions of this work can be summarized as follows:

• A nonlinear observer is designed to accurately estimate the unavailable robot states while maintaining robust-
ness against external disturbances.

• A bioinspired distributed control strategy is developed tomitigate sudden surges in velocity commands caused
by initial tracking errors and to enforce velocity constraints imposed by the robots’ physical limits.
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• The overall formation control framework is theoretically proved to be stable, ensuring robustness and con-
vergence of the multiple mobile robot system under disturbances.

The rest of the paper is as follows: Section 2 provides the communication model and the dynamic equations
of the individual mobile robot. Then, Section 3 derives the distributed estimation method, state observer, and
controllers with proved stability. After that, multiple simulation studies have demonstrated that the proposed
distributed formation framework yields apparent advantages over the conventional method in Section 4. Finally,
the conclusion is provided to emphasize the contribution of this study and to list some potential future work
that can be done.

2. PRELIMINARIES AND PROBLEM STATEMENT

2.1. Communication topology
In this study, the communication relationship of a multi-robot system is mathematically modeled using graph
theory. It is defined as follows: the system contains 𝑛 robots (nodes), and its communication network is given
by an undirected graph G = {V, E A} with node set V = {1, 2, ..., 𝑛} and each node represents a robot. The edge
set E ⊆ V × V, if the robots 𝑖 and 𝑗 can communicate, then there exists an edge (𝑖, 𝑗) ∈ E. The adjacency matrix
A = [𝑎𝑖 𝑗 ]𝑛×𝑛 indicates access to information from 𝑖 to 𝑗 . In addition, 𝑎𝑖𝑖 = 0 in this study. Define the Laplacian
matrix 𝐿 = [L𝑖 𝑗 ]𝑛×𝑛 to describe the network connectivity, where L𝑖𝑖 =

∑𝑛
𝑗=1 𝑎𝑖 𝑗 and L𝑖 𝑗 = −𝑎𝑖 𝑗 , 𝑖 ≠ 𝑗 . It denotes the

communication between 𝑛 followers, and is assumed to be connected. The leader is indexed as 0 and define
𝑎 = diag(𝑎10, ..., 𝑎𝑛0) ∈ n×n to reflect the communication between the leader and the followers. For elements in 𝑎, it
is defined that 𝑎𝑖0 > 0 if the follower 𝑖 can directly obtain the leader’s states and 0 otherwise. The
communication network is represented by matrix 𝐻, which is defined as 𝐻 = 𝐿 + 𝑎. We then obtain Lemma 1.

Lemma 1. Matrix 𝐻 is positive definite if the leader is the neighbor of at least one follower and G is connected.

2.2. Problem statement
In this study, the general structure of the mobile robot is shown in Figure 1. It is assumed that all robots share a
similar structure, with the front wheel being passive and the two rear wheels being driven. There are a total of
𝑛 robots and one (virtual) leader. The kinematics of the follower 𝑖 are given as


¤𝑥𝑖
¤𝑦𝑖
¤𝜃𝑖

 =


cos 𝜃𝑖
sin 𝜃𝑖

0

0
0
1



𝜐𝑖

𝜔𝑖

 (1)

where 𝑥𝑖 and 𝑦𝑖 represent the position, and its angle of direction 𝜃𝑖 is relative to the inertial frame; 𝜐𝑖 and 𝜔𝑖

represent the linear and angular velocities of the 𝑖th mobile robot in body fixed frame, respectively.

Then, define leader’s linear and angular velocities as 𝜐0 and 𝜔0, respectively, and their time derivatives are
bounded. Then, there exist positive constants 𝜆𝜐 and 𝜆𝜔 , such that 𝜐0 ≤ 𝜆𝜐 and 𝜔0 ≤ 𝜆𝜔 .

Each mobile robot follows the dynamic model formulated in the following state-space representation [27]


¤𝜐𝑖
¤𝜔𝑖

 =


− 𝑑1𝑖
2𝑚1𝑖

− 𝑏𝑖𝑑2𝑖
2𝑚1𝑖

− 𝑑2𝑖
2𝑏𝑚2𝑖

𝑏𝑖𝑑1𝑖
2𝑚2𝑖



𝜐𝑖

𝜔𝑖

 +


𝑟𝑖

2𝑚1𝑖
0

0 𝑟𝑖

2𝑚2𝑖



𝜏𝑎𝑖

𝜏𝑏𝑖

 +

𝑏𝑖𝑐𝑖𝜔

2
𝑖

𝑚1𝑖
+ 𝛿1𝑖

𝑐𝑖𝜐𝑖𝜔𝑖

𝑏𝑚2𝑖
+ 𝛿2𝑖

 (2)
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Figure 1. Mobile robot communication networks.

where 2𝑏𝑖 denotes the wheelbase (m) and 𝑟𝑖 the wheel radius (m). The coefficient 𝑐𝑖 (dimensionless) accounts for
Coriolis/centripetal effects. Viscous damping is given by 𝑑1𝑖 (Nsm−1) and 𝑑2𝑖 (Nm s), whereas 𝑚1 and 𝑚2 denote
the effective mass (kg) and rotational inertia (kg m2), respectively. The torque inputs are defined as 𝜏𝑎𝑖 = 𝜏𝐿𝑖 + 𝜏𝑅𝑖
and 𝜏𝑏𝑖 = 𝜏𝐿𝑖−𝜏𝑅𝑖 , where 𝜏𝐿𝑖 and 𝜏𝑅𝑖 are the actuation torques from the left and right wheels, respectively (all inNm).
The terms 𝛿1𝑖 and 𝛿2𝑖 represent disturbances with units ms−2 and rads−2, respectively. It is assumed that ‖𝛿1𝑖 ‖
and ‖𝛿2𝑖 ‖ are bounded by positive constants 𝜉1𝑖 and 𝜉2𝑖 , respectively, and that their time derivatives are integrable
in 𝐿1.being the actuation torques from the left and right wheels, respectively; 𝛿1𝑖 and 𝛿2𝑖 are the disturbances. It
is assumed that ‖𝛿1𝑖 ‖ and ‖𝛿2𝑖 ‖ are both bounded by positive constants 𝜉1𝑖 and 𝜉2𝑖 , respectively, and their time
derivatives are integrable in 𝐿1 space.

This paper aims to present a control approach enabling multiple mobile robots to track the leader while preserv-
ing relative positions. The distance between the 𝑖th follower and the leader is written [4𝑥𝑖 , 4𝑦𝑖] and represents
distances in the 𝑥 and 𝑦 directions. In addition, the orientation of each follower is the same as that of the leader.

3. FORMATION CONTROL DESIGN

In order to realize consensus among mobile robots, a distributed formation control strategy is developed in this
section. Initially, a distributed observer is constructed to continuously estimate the leader’s state using only
local neighbor information, ensuring estimation smoothness. Subsequently, an extended nonlinear observer
is formulated to reconstruct unknown states and external disturbances. To cope with abrupt changes in speed
and enforce velocity limits, a novel kinematic controller based on neural dynamics is employed. Lastly, a dy-
namic compensation controller is integrated to mitigate the influence of external perturbations and enhance
robustness.

3.1. Design of distributed estimator
First, a distributed estimation scheme is constructed using a cascaded design methodology, enabling each fol-
lower to precisely estimate the leader’s position and velocity without requiring its acceleration information. To
allow the estimation in a fully decentralized manner, a velocity estimator is first designed. We define the
consensus error of the 𝑖th follower as

𝑒𝑖𝜐 = 𝑎𝑖0
(
𝜐𝑖0 − 𝜐0

)
+

𝑛∑
𝑗=1

𝑎𝑖 𝑗 (𝜐𝑖0 − 𝜐 𝑗0) and 𝑒𝑖𝜔 = 𝑎𝑖0
(
𝜔𝑖0 − 𝜔0

)
+

𝑛∑
𝑗=1

𝑎𝑖 𝑗 (𝜔𝑖0 − 𝜔 𝑗0), (3)
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where 𝑒𝑖𝜐 and 𝑒𝑖𝜔 are, respectively, consensus velocity errors for linear and angular velocities; 𝜐𝑖0 and 𝜔𝑖0 are
respectively the estimated linear and angular velocity of the leader from 𝑖th mobile robot; 𝑖 and 𝑗 are index
numbers. Then, based on the defined consensus estimation error in Equation (3), the velocity estimator is
designed as

¤̂𝜐𝑖0 = −𝑘𝑎1𝑖𝑒𝑖𝜐 − 𝑘𝑏1𝑖 tanh( 𝑒𝑖𝜐
𝛼

) and ¤̂𝜔𝑖0 = −𝑘𝑎2𝑖𝑒𝑖𝜔 − 𝑘𝑏2𝑖 tanh( 𝑒𝑖𝜔
𝛼

), (4)

where 𝑘𝑎1𝑖 , 𝑘𝑎2𝑖 , 𝑘𝑏1𝑖 , and 𝑘𝑏2𝑖 are positive design constants; and 𝛼(𝑡) = 𝑒−𝑐𝑡 with 𝑐 > 0. Then, we define the positional
state estimation error as

𝑒𝑖 𝑝 = 𝑎𝑖0 (𝑃𝑖0 − 𝑃0) +
𝑛∑
𝑗=1

𝑎𝑖 𝑗 (𝑃𝑖0 − 𝑃 𝑗0), (5)

with 𝑒𝑖 𝑝 =
[
𝑒𝑖𝑥 , 𝑒𝑖𝑦 , 𝑒𝑖 𝜃

]𝑇 Then, based on the estimation error defined in Equation (5), we propose the distributed
estimator for each mobile robot to estimate the leader’s positional state as

¤̂
𝑃𝑖0 =


¤̂𝑥𝑖0
¤̂𝑦𝑖0
¤̂
𝜃𝑖0

 =

𝜐𝑖0 cos 𝜃𝑖0 − 𝑘𝑥𝑖𝑒𝑖𝑥
𝜐𝑖0 sin 𝜃𝑖0 − 𝑘𝑦𝑖𝑒𝑖𝑦
𝜔𝑖0 − 𝑘 𝜃𝑖𝑒𝑖 𝜃

 , (6)

where 𝑃𝑖0 denotes the estimated position of the leader obtained by the 𝑖th mobile robot, and 𝑒𝑖𝑥 , 𝑒𝑖𝑦 , and 𝑒𝑖 𝜃

represent the consensus errors along the 𝑥-axis, 𝑦-axis, and in orientation, respectively. The dynamics of the
estimation errors 𝜐𝑖 , 𝜔𝑖 , and 𝑃𝑖 are derived based on the distributed observers in Equations (4) and (6), leading
to

¤̄𝜐𝑖 = −𝑘𝑎1𝑖𝑒𝑖𝜐 − 𝑘𝑏1𝑖 tanh( 𝑒𝑖𝜐
𝛼

) − ¤𝜐0

¤̄𝜔𝑖 = −𝑘𝑎2𝑖𝑒𝑖𝜔 − 𝑘𝑏2𝑖 tanh( 𝑒𝑖𝜔
𝛼

) − ¤𝜔0,
(7)

¤̄𝑃𝑖 =


¤̄𝑥𝑖
¤̄𝑦𝑖
¤̄𝜃𝑖

 =


−𝑘𝑥𝑖𝑒𝑖𝑥 + 𝜐𝑖0 cos 𝜃𝑖0 − ¤𝑥0
−𝑘𝑦𝑖𝑒𝑖𝑦 + 𝜐𝑖0 sin 𝜃𝑖0 − ¤𝑦0
−𝑘 𝜃𝑖𝑒𝑖 𝜃 + 𝜔𝑖0 − ¤𝜃0

 , (8)

where 𝜐𝑖 = 𝜐𝑖 − 𝜐0 and 𝜔𝑖 = 𝜔𝑖 − 𝜔0. Then, we further define 𝑥̄ =
[
𝑥̄1, ..., 𝑥̄𝑛

]𝑇 , 𝑦̄ =
[
𝑦̄1, ..., 𝑦̄𝑛

]𝑇 and 𝜃 =
[
𝜃1, ..., 𝜃𝑛

]𝑇 . To
establish the convergence of the distributed estimator,Theorem 1 is presented to demonstrate that the estimated
leader’s state asymptotically approaches the actual leader’s state.

Theorem 1. The estimation error dynamics given in Equations (7) and (8) are asymptotically stable if parameters
in Equations (4) and (6) are properly chosen such that 𝑘𝑏1𝑖 ≥ sup𝑡≥0 ‖ ¤𝜐0‖ and 𝑘𝑏2𝑖 ≥ sup𝑡≥0 ‖ ¤𝜔0‖.

Since the positional state estimation process is cascaded with the velocity estimates, we first need to prove the
convergence of 𝜐 and 𝜔.Therefore, the Lyapunov candidate function for the velocity estimation errors is proposed
as

𝑉1 =
1
2 𝜐

𝑇𝐻𝜐 + 1
2𝜔

𝑇𝐻𝜔. (9)

where 𝜐 =
[
𝜐1, ..., 𝜐𝑛

]𝑇 and 𝜔 =
[
𝜔1, ..., 𝜔𝑛

]𝑇 , then, we have the time derivative of 𝑉1 calculated as
¤𝑉1 = 𝜐𝑇𝐻 (−𝑘𝑎1𝑒𝜐 − 𝑘𝑏1 tanh( 𝑒𝜐

𝛼
) − ¤𝜐01𝑛) + 𝜔𝑇𝐻 (−𝑘𝑎2𝑒𝜔 − 𝑘𝑏2 tanh( 𝑒𝜔

𝛼
) − ¤𝜔01𝑛), (10)

where 𝑒𝜐 = [𝑒1𝜐 , ..., 𝑒𝑛𝜐]𝑇 and 𝑒𝜔 = [𝑒1𝜔 , ..., 𝑒𝑛𝜔]𝑇 . Then, using the inequality that |𝑥 | − 𝑥 tanh( 𝑥
𝜀
) ≤ 𝑘𝜀 with 𝑘 = 0.28 [28],

we can obtain the following inequalities
−𝜐𝑇𝐻𝑘𝑏1 tanh( 𝐻𝜐

𝛼
) − 𝜐𝑇𝐻 ¤𝜐01𝑛 ≤ 𝑛𝜑1𝑘𝛼 and − 𝜔𝑇𝐻𝑘𝑏2 tanh( 𝐻𝜔

𝛼
) − 𝜔𝑇𝐻 ¤𝜔01𝑛 ≤ 𝑛𝜑2𝑘𝛼. (11)

Combined with the results obtained in Equation (11), Equation (10) it follows from Equation (10) that the
following statement holds

¤𝑉1 ≤ −𝜐𝑇𝐻𝑘𝑎1𝐻𝜐 + 𝑛𝜑1𝑘𝛼 − 𝜔𝑇𝐻𝑘𝑎2𝐻𝜔 + 𝑛𝜑2𝑘𝛼

≤ 𝜆1


𝐻𝜐

2 + 𝑛𝜑1𝑘𝛼 − 𝜆2



𝐻𝜔

2 + 𝑛𝜑2𝑘𝛼,
(12)
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where 𝜆1 and 𝜆2 denote the minimal eigenvalues of 𝑘𝑎1 and 𝑘𝑎2, respectively. According to Equation (12), we
derive the following inequalities as

¤𝑉1 ≤ −2𝜆3𝜆4𝑉1 + 𝑛(𝜑1 + 𝜑2)𝑘𝛼, (13)
where 𝜆3 denotes theminimal eigenvalue of 𝐻 and 𝜆4 = min{𝜆1, 𝜆2}. Consequently, the following linear differential
equation can be derived as

¤𝑢 = −2𝜆3𝜆4𝑢 + 𝑛(𝜑1 + 𝜑2)𝑘𝑒−𝑐𝑡 , (14)

After that, we present Lemma 2 to assist the following analysis.

Lemma 2. Let us consider a scalar differential equation given by
¤𝑢 = 𝑓 (𝑡, 𝑢), 𝑢(𝑡0) = 𝑢0, (15)

where the function 𝑓 (𝑡, 𝑢) is continuously differentiable with respect to 𝑢 and locally Lipschitz continuous. Suppose the
solution 𝑢(𝑡) exists on an interval [𝑡0, 𝑇). Furthermore, consider a continuous function 𝑉1 (𝑡) satisfying the differential
inequality

¤𝑉1 (𝑡) ≤ 𝑓 (𝑡, 𝑉1 (𝑡)), 𝑉1 (𝑡0) ≤ 𝑢(𝑡0), 𝑡 ∈ [𝑡0, 𝑇), 𝑉1 ∈ 𝐽. (16)

Then, the conclusion of this lemma holds true regarding the relation between 𝑉1 (𝑡) and the solution 𝑢(𝑡).

Therefore, there is 𝑉1 (𝑡) ≤ 𝑢(𝑡) for all 𝑡 ∈ [𝑡0, 𝑇). Utilizing Lemma 2 and the expression in Equation (14), we obtain
𝑉1 (𝑡) ≤ 𝑢(𝑡) = 𝑒−2𝜆3𝜆4𝑡𝑉1 (0) +

𝑛(𝜑1 + 𝜑2)𝑘
2𝜆3𝜆4 − 𝑐

(𝑒−𝑐𝑡 − 𝑒−2𝜆3𝜆4𝑡 ). (17)

Thus, 𝑉1 (𝑡) → 0 as 𝑡 → ∞, this leads directly to the conclusion that the estimation error 𝜐 and 𝜔 all converge to
zero as 𝑡 → ∞. Following the established convergence of velocity estimation errors 𝜐 and 𝜔, we next turn to
the analysis of the positional estimation error 𝑃. To facilitate this, define 𝑘 𝜃 = diag(k𝜃1, ..., k𝜃n) and propose a
Lyapunov candidate function associated with the orientation error as 𝑉2 =

1
2 𝜃

𝑇𝐻𝜃, considering the error dynamics
specified in Equation (8), the time derivative of 𝑉2 is given by

¤𝑉2 = 𝜃𝑇𝐻 (−𝑘 𝜃𝐻𝜃 + 𝜔) = −𝜃𝑇𝐻𝑘 𝜃𝐻𝜃 + 𝜃𝑇𝐻𝜔

≤ −𝜆5 (𝐻𝑘 𝜃𝐻)


𝜃

2 + ‖𝐻‖ 𝛽1



𝜃


≤ −(𝜆5 − 𝛽1)



𝜃

2 ,whenever 

𝜃

 ≥ 

𝜔


𝛽1

,

, (18)

where 𝛽1 ∈ (0, 𝜆5), and 𝜆5 is the minimal eigenvalue of 𝐻𝑘 𝜃𝐻. It follows from Equation (18) and 

𝜔

 → 0
as 𝑡 → ∞, we can infer that 𝜃 → 0. Since 

𝜔

 → 0 as 𝑡 → ∞ as well. Following the proof of 𝜃, we need to
guarantee the co-convergence of 𝑥̄ and 𝑦̄. First, it is defined that 𝑘𝑥 = diag(𝑘𝑥𝜃 , ..., 𝑘𝑥𝑛), 𝜐0 = [𝜐10, ..., 𝜐𝑛0]𝑇 and
cos 𝜃0 = [cos 𝜃10, ..., cos 𝜃𝑛0]𝑇 . Then, the corresponding Lyapunov candidate function is proposed as 𝑉3 =

1
2 𝑥̄

𝑇𝐻𝑥̄

and consequently, ¤𝑉3 is calculated as
¤𝑉3 = 𝑥̄𝑇𝐻 (−𝑘𝑥𝐻𝑥̄ + 𝜐0×cos 𝜃0 − ¤𝑥01𝑛)

≤ −𝜆6 (𝐻𝑘𝑥𝐻)


𝑥̄

2 + ‖𝐻‖ ‖𝜄1‖



𝑥̄


≤ −(𝜆6 − 𝛽2)



𝑥̄

2, whenever 

𝑥̄

 ≥ ‖𝜄1‖
𝛽2

,

(19)

where 𝛽2 ∈ (0, 𝜆6), 𝜄1 = 𝜐0 × cos 𝜃0 − ¤𝑥01𝑛. Based on the results obtained in Equation (18), we infer that 𝜄1 → 0 as
𝑡 → ∞; consequently, 𝑥̄ → 0 as 𝑡 → ∞. To address the 𝑦-axis dynamics, we construct a Lyapunov candidate function
as 𝑉4 =

1
2 𝑦̄

𝑇𝐻𝑦̄, and proceed to derive its time derivative as
¤𝑉4 = 𝑦̄𝑇𝐻 (−𝑘𝑦𝐻𝑦̄ + 𝜐0× sin 𝜃0 − ¤𝑦01𝑛)

≤ − 𝜆7 (𝐻𝑘𝑦𝐻)


𝑦̄

2 + ‖𝐻‖ ‖𝜄2‖



𝑦̄


≤ − (𝜆7 − 𝛽3)



𝑦̄

2, whenever 

𝑦̄

 ≥ ‖𝜄2‖
𝛽3

,

(20)

where 𝛽3 ∈ (0, 𝜆7) and 𝜄1 = 𝜐0 ×sin 𝜃0 − ¤𝑥01𝑛; and denote 𝑘𝑦 = diag(ky𝜃 , ..., kyn) and sin 𝜃0 = [sin 𝜃10, ..., sin 𝜃𝑛0]𝑇 . Hence,
one concludes that 𝑦̄ → 0 as 𝑡 → ∞. The entire analysis concludes the proof of Theorem 1.
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3.2. Design of observer
In practical applications involving mobile robots, direct measurements of velocity and external disturbances
are often unavailable, despite their importance for achieving desirable control performance. To address this
limitation, a nonlinear extended state observer is constructed in this subsection to estimate both quantities with
high accuracy. The design builds upon the system dynamics given in Equation (2). Denote 𝑋𝑖 = [𝑃𝑖𝑇 , 𝜐𝑖 , 𝜔𝑖 , 𝛿𝑖

𝑇 ],
we can reorganize the mobile robots system as

¤𝑋𝑖 = 𝐴𝑖𝑋𝑖 + 𝑓 ∗ (𝑋𝑖) + 𝐵𝑖 𝜏̄𝑖 and ¤𝑌𝑖 = 𝐶𝑖𝑋𝑖 , (21)

with

𝐴𝑖 =


02×3 02×2 03×2
03×3 𝜙𝑖 𝐼2×2
02×3 02×2 02×2

 , 𝜙𝑖 =


0 1
𝐴𝑖

 , (22)

𝑓 ∗ (𝑋𝑖) = [𝜐𝑖 cos 𝜃𝑖 , 𝜐𝑖 sin 𝜃𝑖 , 0, 𝜐𝑖𝑐𝑖𝜔𝑖
2𝑚1𝑖−1,−𝑐𝑖𝜐𝑖𝜔𝑖𝑏𝑖

−1𝑚2𝑖−1, ¤𝛿1𝑖 , ¤𝛿2𝑖]𝑇 , (23)
𝐵𝑖 = diag(03, 𝑟𝑖/2𝑚1𝑖 , 𝑟𝑖/2𝑚2𝑖 , 02), 𝜏̄𝑖 = [03, 𝜏𝑎𝑖 , 𝜏𝑏𝑖 ,02], 𝐶𝑖 = [𝐼3×3, 03×4] . (24)

To enable real-time estimation of disturbances and velocities, we construct the following nonlinear state observer
as

¤̂
𝑋 𝑖 = 𝐴𝑖𝑋𝑖 + 𝑓 (𝑋𝑖) + 𝐵𝑖 𝜏̄ − 𝐾𝑖𝑌𝑖 , (25)

where 𝑌𝑖 = 𝑌𝑖 − 𝑌𝑖 and 𝑌𝑖 are the estimates of 𝑌𝑖 ; 𝑓 (𝑋𝑖) describes the idealized model without disturbance terms,
𝐾𝑖 ∈ R7×3 denotes a positive matrix, whose form is specified as

𝐾𝑖 =


𝑐1𝑖 0 0 𝑐2𝑖 0 𝑐4𝑖 0
0 𝑐2𝑖 0 𝑐2𝑖 0 𝑐4𝑖 0
0 0 𝑐3𝑖 0 𝑐3𝑖 0 𝑐5𝑖


𝑇

. (26)

By subtracting Equation (25) from Equation (21), the estimation error dynamics is calculated as
¤̃𝑋 𝑖 = (𝐴𝑖 − 𝐾𝑖𝐶𝑖)𝑋𝑖 + 𝑓 (𝑋𝑖) and 𝑓 (𝑋𝑖) = 𝑓 ∗ (𝑋𝑖) − 𝑓 (𝑋𝑖). , (27)

We next formulate a theorem to ensure the stability of the designed nonlinear observer.

Theorem 2. Based on Assumptions 2, the error dynamics defined in Equation (27) converges to zero as time → ∞.
If 𝐴𝑖 − 𝐾𝑖𝐶𝑖 is made Hurwitz. Then there exists a positive symmetric matrix 𝐾𝑖 such that

(𝐴𝑖 − 𝐾𝑖𝐶𝑖)𝑇𝑃𝑖 + 𝑃𝑖𝑇 (𝐴𝑖 − 𝐾𝑖𝐶𝑖) = −𝐼7×7 . (28)

We select 𝑉5𝑖 = 𝑋𝑇
𝑖 𝑃𝑖𝑋𝑖 as the Lyapunov candidate function and proceed to compute its time derivative as

¤𝑉5𝑖 = [(𝐴𝑖 − 𝐾𝑖𝐶𝑖)𝑋𝑖 + 𝑓 (𝑋𝑖)]𝑇𝑃𝑖𝑋𝑖 + 𝑋𝑇
𝑖 𝑃𝑖 [(𝐴𝑖 − 𝐾𝑖𝐶𝑖)𝑋𝑖 + 𝑓 (𝑋𝑖)]

= −𝑋𝑇
𝑖 𝑋𝑖 + 2 𝑓 𝑇 (𝑋𝑖)𝑃𝑖𝑋𝑖 ≤ −



𝑋𝑖

2 + 2


 ¤𝛿𝑖

 ‖𝑃𝑖 ‖ 

𝑋𝑖

 . (29)

Thus, we can infer that as long as 

𝑋𝑖

 ≤


 ¤𝛿𝑖

 ‖𝑃𝑖 ‖, the convergence of 𝑋𝑖 is ensured. Based on the definition of

Assumption 2, 

 ¤𝛿𝑖

 ‖𝑃𝑖 ‖ will approach 0. As such, 𝑋𝑖 will converge to 0 as well.

3.3. Bioinspired kinematic controller design
A bioinspired neural-dynamics-assisted kinematic controller is proposed in this section for formation control.
The tracking error of the 𝑖th follower is given in the inertial coordinate frame as

𝑥̃𝑖 = 𝑥̂𝑖0 − 𝑥̂𝑖 − Δ𝑥𝑖

𝑦̃𝑖 = 𝑦̂𝑖0 − 𝑦̂𝑖 − Δ𝑦𝑖

𝜃𝑖 = 𝜃𝑖0 − 𝜃𝑖 ,

(30)

where 𝑥̂𝑖 , 𝑦̂𝑖 , and 𝜃𝑖 denote the observer-based estimates of the state variables for follower 𝑖. According toTheorem
1, the estimate of the leader’s posture 𝑃0𝑖 asymptotically approaches its true value 𝑃0, andTheorem 2 guarantees
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that 𝑥̂𝑖 , 𝑦̂𝑖 , and 𝜃𝑖 converge to their respective actual states. According to the established theoretical results, the
next step is to formulate a control law to compute linear and angular velocities that guarantee the preservation
of the desired formation structure relative to the leader. To begin with, the tracking error of follower 𝑖 in its local
coordinate frame is obtained by transforming the global error defined in Equation (30) through an appropriate
coordinate transformation, leading to

𝑒𝐷𝑖

𝑒𝐿𝑖

𝑒𝜃𝑖

 =


cos 𝜃𝑖 sin 𝜃𝑖 0
− sin 𝜃𝑖 cos 𝜃𝑖 0

0 0 1



𝑥̃𝑖

𝑦̃𝑖

𝜃𝑖

 , (31)

where 𝑒𝐷𝑖 , 𝑒𝐿𝑖 and 𝑒𝜃𝑖 represent the tracking errors in the driving, lateral, and angular directions. Differentiating
this expression yields the time evolution of the error dynamics.


¤𝑒𝐷𝑖

¤𝑒𝐿𝑖
¤𝑒𝜃𝑖

 =

𝜐𝑖0 cos 𝑒𝜃𝑖 + ¤̂

𝜃𝑖𝑒𝐿𝑖 − 𝜐𝑖 + Λ𝑥𝑖

𝜐𝑖0 sin 𝑒𝜃𝑖 − ¤̂
𝜃𝑖𝑒𝐷𝑖 + Λ𝑦𝑖

𝜔𝑖0 − 𝜔𝑖 + Λ𝑖 𝜃

 , (32)

where Λ𝑖𝑥 , Λ𝑖𝑦 and Λ𝜃𝑖 are the dynamics introduced by distributed estimators, respectively, given as

Λ𝑥𝑖 = ( ¤̂𝑦𝑖0 − 𝜐𝑖0 sin 𝜃𝑖0) sin 𝜃𝑖 + ( ¤̂𝑥𝑖0 − 𝜐𝑖0 cos 𝜃𝑖0) cos 𝜃𝑖
Λ𝑦𝑖 = ( ¤̂𝑦𝑖0 − 𝜐𝑖0 sin 𝜃𝑖0) cos 𝜃𝑖 + ( ¤̂𝑥𝑖0 − 𝜐𝑖0 cos 𝜃𝑖0) sin 𝜃𝑖
Λ𝜃𝑖 =

¤̂
𝜃𝑖0 − 𝜔𝑖0 − ¤̂

𝜃𝑖 + 𝜔𝑖 .

(33)

Based on the error dynamics presented in Equation (31), the kinematic controller is subsequently formulated
to regulate the formation behavior as

𝜐𝑐𝑚𝑑
𝑖 = 𝜐𝑖0 cos 𝑒𝜃𝑖 + 𝑘1𝑖𝑉𝑠𝑖 and 𝜔𝑐𝑚𝑑

𝑖 = 𝜔𝑖0 + 𝑘2𝑖𝜐𝑖0𝑒𝐿𝑖 + 𝑘3𝑖𝜐𝑖0 sin 𝑒𝜃𝑖 , (34)

where 𝑘1𝑖 , 𝑘2𝑖 , and 𝑘3𝑖 are positive design constants; 𝑉𝑠𝑖 is a dynamic process, which is given as
¤𝑉𝑠𝑖 = − (𝐴𝑖 + |𝑒𝐷𝑖 |)𝑉𝑠𝑖 + 𝐵𝑖𝑒𝐷𝑖 (35)

where 𝐴𝑖 and 𝐵𝑖 are the positive design constants. Initially, Equation (35) was introduced to simulate the adaptive
response of membrane-based systems to dynamic environmental conditions [29]. A key advantage of this model
lies in its ability to strictly constrain the output within a predefined bound 𝐵𝑖 , which effectively addresses the
issue of velocity saturation. Moreover, in the presence of sudden tracking errors along the driving direction, the
model’s inherent dynamics ensure a gradual adjustment of the velocity command. This smooth transition helps
prevent abrupt changes that could otherwise result in unrealistic or infinite torque demands.

After designing the bioinspired controller, a torque controller is further developed to generate torque
commands and compensate for external disturbances. Using the defined velocity error and given the dynamics
of themobile robot in Equation (2), we subsequently formulate the control law as

𝜏𝑎𝑖 = (2𝑚1𝑖 ¤𝜐𝑖0 − 𝑑1𝑖 + 𝑏𝑖𝑑2𝑖 − 𝑏𝑖𝑐𝑖𝜔2
𝑖 − 2𝑚1𝑖𝛿1𝑖 + 2𝑚1𝑖 𝑘4𝜐𝑖)𝑟−1

𝑖

𝜏𝑏𝑖 = (2𝑚2𝑖 ¤𝜔𝑖0 − 𝑑2𝑖 + 𝑏𝑖𝑑1𝑖 − 𝑐𝑖𝜐𝑖𝜔𝑖 − 2𝑚2𝑖𝛿2𝑖 + 2𝑚2𝑖 𝑘5𝜔𝑖)𝑏−1
𝑖 𝑟−1

𝑖

(36)

where 𝜐𝑖 = 𝜐𝑐𝑚𝑑
𝑖 − 𝜐𝑖 and 𝜔𝑖 = 𝜔𝑐𝑚𝑑

𝑖 −𝜔𝑖 are the linear and angular velocity errors, respectively; 𝑘4 and 𝑘5 are positive
design constants. The overall design procedure of the proposed bioinspired observer-based formation control
framework is summarized in Algorithm 1, which outlines the estimation and control steps executed by each
mobile robot.



Xu et al. Intell. Robot. 2026, 6(1), 148-62 Page 156

Algorithm 1 Nonlinear Observer-based Bioinspired Formation Control Algorithm

1. For each individual mobile robot i, i = 1, ..., 𝑛
2. Initialize the parameters of the estimator, observer, and controller; correctly initialize the shunting-

model
state and the estimator’s state variables.

3. whileThe formation objective is not complete do
(a) Acquire the neighbors’ measurements 𝑃 𝑗𝑟 , 𝜐 𝑗0, and 𝜔 𝑗0; and desired 𝑃0, 𝜐0, and 𝜔0 if applicable;
(b) Estimate the leader’s state 𝑃𝑖0, 𝜐𝑖0, and 𝜔𝑖0 using the estimator provided in Equations (4) and (6);
(c) Obtain a sample of 𝑃𝑖 and estimate 𝜐𝑖 , 𝜔𝑖 , 𝛿1𝑖 , and 𝛿2𝑖 from Equation (25) ;
(d) Apply the kinematic control input 𝜐𝑐𝑚𝑑

𝑖 and 𝜔𝑐𝑚𝑑
𝑖 calculated by the controller in Equation (34);

(e) Actuate the system with 𝜏𝑎𝑖 and 𝜏𝑏𝑖 determined by the control law given in Equation (36);
end while

3.4. Stability analysis
This section presents a comprehensive analysis of the closed-loop stability of the proposed control scheme.

Lemma 3. [10] Define 𝑉: R+ → R+ as a continuously differentiable scalar function, and consider a uniformly contin-
uous function 𝑊: R+ → R+. Suppose for all ∀𝑡 ≥ 0, the following differential inequality is satisfied:

¤𝑉 (𝑡) ≤ −𝑊 (𝑡) + 𝑝1 (𝑡)𝑉 (𝑡) + 𝑝2 (𝑡)
√
𝑉 (𝑡), (37)

where both 𝑝1, 𝑝2 ≥ 0 belong to integrals over [0∞) are finite. Then, 𝑉 (𝑡) remains bounded for all time, and as 𝑡 → ∞,
𝑊 (𝑡) → 0 tends to zero and 𝑉 (𝑡) converges to a finite nonnegative limit.

We begin by examining the convergence of the velocity error dynamics. To this end, let us define the error
between the actual velocity and the commanded velocity as

𝑒𝜐𝑖

𝑒𝜔𝑖

 =

𝜐𝑐𝑚𝑑
𝑖 − 𝜐𝑖

𝜔𝑐𝑚𝑑
𝑖 − 𝜔𝑖

 =

𝜐𝑖 − 𝜐𝑎𝑖
𝜔𝑖 − 𝜔𝑎𝑖 ,

 (38)

where 𝜐𝑎𝑖 = 𝜐𝑖 − 𝜐𝑖 and 𝜔𝑎𝑖 = 𝜔𝑖 − 𝜔𝑖 denote the deviations between the actual and estimated translational and
rotational velocities, respectively. To facilitate the convergence analysis of the proposed dynamic control strategy,
we consider the following Lyapunov function candidate as 𝑉6𝑖 =

1
2 𝑒

2
𝜐𝑖 +

1
2 𝑒

2
𝜔𝑖 . By computing the time derivative of

𝑉6𝑖 , we obtain
¤𝑉6𝑖 = −𝑘4𝑖𝑒2𝜐𝑖 − 𝛽4𝑖𝑒2𝜐𝑖 − 𝑘5𝑖𝑒2𝜔𝑖 − 𝛽5𝑖𝑒2𝜔𝑖

= −𝑘4𝑖𝜐2
𝑖 − 𝜐𝑖 (𝑋𝜐𝑖 + 𝑘4𝑖𝑋𝜐𝑖) + 𝑋2

𝜐𝑖 − 𝑘5𝑖𝜔2
𝑖 − 𝜔𝑖 (𝑋𝜔𝑖 + 𝑘5𝑖𝑋𝜔𝑖) + 𝑋2

𝜔𝑖

= −(𝑘4𝑖 − 𝛽4𝑖)𝜐2 − (𝑘5𝑖 − 𝛽5𝑖)𝜔2
𝑖 + 𝑋2

𝜐𝑖 + 𝑋2
𝜔𝑖 ,

(39)

where 𝛽4𝑖 ∈ (0, 𝑘4𝑖) and 𝛽5𝑖 ∈ (0, 𝑘5𝑖), Since both 𝑋𝜐𝑖 and 𝑋𝜔𝑖 have been demonstrated to converge to zero over time,
the derivative of the Lyapunov function ¤𝑉6𝑖 naturally converges to zero as 𝑡 → ∞. Accordingly, it can be inferred
that the corresponding velocity error terms, 𝑒𝜐𝑖 and 𝑒𝜔𝑖 , are also asymptotically eliminated.

Following this, we shift focus to the kinematic controller. A Lyapunov function is proposed to analyze its con-
vergence properties, defined as

𝑉7𝑖 =
1
2 𝑒

2
𝐷𝑖 +

1
2 𝑒

2
𝐿𝑖 +

1
𝑘2𝑖

(1 − cos 𝑒𝜃𝑖) + 𝑘3𝑖
2𝐵𝑖

𝑥2
𝑠𝑖 . (40)

The time derivative of 𝑉7𝑖 is obtained as
¤𝑉7𝑖 = 𝑒𝐷𝑖𝜐𝑖0 cos 𝑒𝜃𝑖 − 𝑒𝐷𝑖𝜐

𝑐𝑚𝑑
𝑖 − 𝑒𝐷𝑖𝜉𝜐𝑖 + 𝑒𝐿𝑖𝜐𝑖0 sin 𝑒𝜃𝑖 + sin 𝑒𝜃𝑖

𝑘2𝑖
𝜔𝑖0 − sin 𝑒𝜃𝑖

𝑘2𝑖
𝜔𝑐𝑚𝑑
𝑖

− sin 𝑒𝜃𝑖
𝑘2𝑖

𝜉𝜔𝑖 −
𝑘3𝑖𝐴𝑖
𝐵𝑖

𝑥2
𝑠𝑖 −

|𝑒𝐷𝑖 |
𝐵𝑖

𝑥2
𝑠𝑖 + 𝑘3𝑖𝑒𝐷𝑖𝑥𝑠 + 𝑒𝐷𝑖Λ𝑥𝑖 + 𝑒𝐿𝑖Λ𝑦𝑖 +

sin 𝑒𝜃𝑖
𝑘2𝑖

Λ𝜃𝑖 ,
(41)
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where 𝜉𝜐𝑖 and 𝜉𝜔𝑖 denote the deviation between the agent’s velocity and the leader’s reference trajectory. By
applying the bioinspired control law defined in Equations (34) and (41), we have

¤𝑉7𝑖 = I1i + I2i, (42)
with

I1i = − 𝑘3𝑖𝐴𝑖
𝐵𝑖

𝑥2
𝑠 − |𝑒𝐷𝑖 |

𝐵𝑖
𝑥2
𝑠 − 𝑘3𝑖

𝑘2𝑖
𝜐𝑖0sin2

𝑒𝜃𝑖

I2i = 𝑒𝐷𝑖𝜉𝜐𝑖 + 𝑒𝐷𝑖Λ𝑥𝑖 + 𝑒𝐿𝑖Λ𝑦𝑖 +
sin 𝑒𝜃𝑖
𝑘2𝑖

Λ𝜃𝑖 +
sin 𝑒𝜃𝑖
𝑘2𝑖

𝜉𝜔𝑖 .

(43)

Based on Equation (4) and by ensuring 𝜐𝑖0 ≥ 0 for 𝑉 ≥ 0, its estimates 𝜐𝑖0 is guaranteed to be greater or equal to
zero. Then, since the parameters defined in Equation (35), it is obvious that I1i ≤ 0, and consequently, we infer
that

𝑉7𝑖 ≥
1
2 𝑒

2
𝐷𝑖 and 𝑉7𝑖 ≥

1
2 𝑒

2
𝐿𝑖

2𝑘2𝑖𝑉7𝑖 ≥ (1 − cos 𝑒𝜃𝑖) (1 + cos 𝑒𝜃𝑖) = sin2
𝑒𝜃𝑖 .

(44)

Then, we have I2i satisfies the conditions that
I2i ≤ (|Λ𝑥𝑖 |max +

��Λ𝑦𝑖

��
max + |𝜉𝜐𝑖 |)

√
2𝑉7𝑖 + (|Λ𝜃𝑖 |max + |𝜉𝜔𝑖 |max)

√
2𝑘2𝑚𝑉7𝑖 . (45)

Since we have proof the convergence of Λ𝑖𝑥 , Λ𝑖𝑦 , Λ𝑖 𝜃 , 𝜉𝜐𝑖 , and 𝜉𝜔𝑖 . Then, we infer that 𝑉7𝑖 satisfies Lemma 4. Thus,
we have 𝑥𝑠𝑖 → 0 and sin2

𝑒𝜃𝑖 → 0 as 𝑡 → ∞. As 𝑥𝑠𝑖 → 0, we have 𝑒𝐷𝑖 → 0 as well, then based on the dynamics defined
in Equation (32). We also have 𝑒𝐿𝑖 → 0.

4. SIMULATION RESULTS

To verify the capability of the proposed neurodynamic observer-controller framework, several evaluation sce-
narios are introduced in this section. The main objective of the proposed control method is to allow each
follower to maintain relative posture with the virtual leader. The simulation scenario includes a leader-follower
setup composed of one leader and three follower agents. The corresponding communication topology is illus-
trated in Figure 1. As part of the simulation setup, a virtual leader is assigned a predefined trajectory given by
𝑥0 (𝑡) = 1 + 𝑡 and 𝑦0 (𝑡) = 4 + 0.5cos

(
− 𝜋

2 + 𝑡
)
. Given the desired trajectory, the respective velocities are calculated as

𝜐0 =
(
¤𝑥2
0 + ¤𝑦20

)0.5 and 𝜔0 = ( ¥𝑦0 ¤𝑥0 − ¥𝑥0 ¤𝑦0)
/(

¤𝑥2
0 + ¤𝑦20

)
. Furthermore, to ensure a smooth velocity transition, the leader’s

linear speed is defined as 𝜐0 (𝑡) = 𝜐0 (1 − 𝑒−2𝑡 ). The desired relative positions between the leader and its three fol-
lowers are specified as: Δ𝑥1 = 3, Δ𝑦1 = 0; Δ𝑥2 = 5, Δ𝑦2 = 4; and Δ𝑥3 = 5, Δ𝑦3 = −4. The initial position of each mobile
robot is set to 𝑥1 = −3, 𝑦1 = 4, 𝑥2 = −8, 𝑦2 = −2, 𝑥3 = −7 and 𝑦3 = 10. In addition, each mobile robot is assumed to be
identical, and the parameters are given as 𝑚1𝑖 = 0.36, 𝑚2𝑖 = 0.3892, 𝑑1𝑖 = 10, 𝑑2𝑖 = 0, 𝑏𝑖 = 0.75, 𝑐𝑖 = 0.135, 𝑟 = 0.15. To
configure the simulation, the distributed estimator gains are assigned as 𝑘𝑎1𝑖 = 𝑘𝑎2𝑖 = 15 and 𝑘𝑏1𝑖 = 𝑘𝑏2𝑖 = 5. The
parameters used in the nonlinear state observer are chosen as 𝑐1 = 2, 𝑐2𝑖 = 𝑐3𝑖 = 5, and 𝑐4𝑖 = 𝑐5𝑖 = 5. For both the
neural dynamic-based kinematic controller and the dynamic controller, the control gains are selected as 𝑘1𝑖 = 2,
𝑘2𝑖 = 4, 𝑘3𝑖 = 4, 𝑘4𝑖 = 5, and 𝑘5𝑖 = 5.

To show the effectiveness of the proposed control, Figure 2 clearly indicates that the proposed method is capable
of keeping its desired distance from the leader. Furthermore, Figure 3 further demonstrates the convergence
of the estimation error from the distributed estimator. As can be seen in the zoomed-in figure in Figure 4, the
conventional distributed estimator (CDE) results in discontinuities in the control command, which will conse-
quently yield discontinuities in the torque control command. Furthermore, comparedwith slidingmode control
(SMC), the bioinspired method offers a smoother control command without speed jump, which undoubtedly
offers a better control performance. Overall, the proposed distributed method allows a smooth transition in the
leader’s velocity estimates, which is crucial to ensure overall formation performance.

With the implementation of the neurodynamic-based controller, the speed jump issue is clearly avoided. If the
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Figure 2. Positions of mobile robots using bioinspired distributed approach.

Figure 3. Consensus estimation error from the distributed estimator.

initial tracking error in the driving direction is not zero, the velocity command will not be zero in the conven-
tional approach. However, the bioinspired control method allows the initial velocity command to start from
zero, allowing a lower torque command. Due to the bounded nature of the bioinspired neural dynamics, com-
pared with the bioinspired method, the maximum velocity command from the conventional method reaches a
maximum velocity of over 10m/s, which is apparently impractical.

Figure 5 illustrates the state estimation results obtained from the proposed nonlinear extended state observer.
Since the velocity states are not directly measurable, the observer effectively reconstructs both the unmeasured
states and external disturbances with high accuracy. As seen in Figure 5, the estimated disturbances closely
match the true values, demonstrating the observer’s strong estimation capability. Without this critical distur-
bance information, the overall formation performance would deteriorate significantly.
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Figure 4. Velocity command generated from the velocity controller. (A-C) Linear velocity command; (D-F): Angular velocity command. CDE:
Conventional distributed estimator; SMC: sliding mode control; PDE: proposed distributed estimator.

Figure 5. Velocity and disturbance estimates of each follower.

Moreover, the proposed nonlinear observer provides continuous and smooth state estimates, which enable the
torque controller to generate smooth control inputs. Figure 6A-C compares the formation performance with
and without the nonlinear state observer, showing that its inclusion leads to markedly improved tracking and
formation stability. In Figure 6D-F, Gaussian-type noise is introduced into the inter-robot communication chan-
nels. Even under such noise, the proposed bio-inspired control law maintains smooth linear velocity outputs.
This robustness arises from the bio-inspired neural dynamics given in Equation (35), which inherently act as
a low-pass filter, effectively attenuating high-frequency noise and preserving continuous, noise-resilient con-
trol actions. As a result, the overall formation system exhibits improved robustness and smoother cooperative
motion.
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Figure 6. Tracking error with and without nonlinear state estimator (A) Tracking error in the driving direction; (B) Tracking error in the
lateral direction; (C) Tracking error in the orientation; (D) Velocity command of Follower 1; (E) Velocity command of Follower 2; (F) Velocity
command of Follower 3. ESO: Extended State Observer.

5. CONCLUSION

This work focuses on achieving robust formation coordination for multiple mobile robots in environments
where velocity measurements are not directly accessible and external disturbances are present. To address these
challenges, we construct an integrated control architecture combining distributed observation and biologically
inspired coordination mechanisms. The strategy begins with a distributed estimation process that enables each
robot to recover the leader’s motion state continuously using only local communication. Building on these esti-
mates, a bioinspired kinematic mechanism is introduced to generate smooth and bounded velocity commands,
effectively mitigating abrupt transitions and enforcing motion constraints. To compensate for unknown dynam-
ics and measurement uncertainties, a nonlinear observer is incorporated to estimate both actual velocities and
disturbance terms. These inferred states are then fed into a robust torque-level controller tailored to maintain
the formation under adverse conditions. Theoretical analysis confirms that the overall framework guarantees
convergence and disturbance resilience, while numerical experiments illustrate that high-precision formation
can be sustained even in the presence of significant uncertainty.
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