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This paper proposes a formation framework for USVs to achieve fast and synchronized assembly in complex
environments. The method integrates A* path planning with an elliptical trust-region (ETR) optimizer
that dynamically adjusts the formation center to minimize the maximum completion time. A sliding-mode
controller, structured on remaining-time synchronization and augmented with a disturbance observer, ensures
simultaneous arrival with common terminal velocity and heading. Simulations conducted under varying
environmental complexity, fleet sizes, and formation geometries demonstrate that the proposed approach
attains success rates of 75.3-97.8%, keeps terminal velocity errors below 6% and heading errors under 0.5°,
and reduces speed and heading fluctuations by 16%-28%. Compared with conventional and learning-based
benchmarks, the framework exhibits higher efficiency, faster convergence, and improved motion smoothness
in simulation, providing an effective and computationally efficient approach for fast multi-USV formation

generation.

1. Introduction

Unmanned Surface Vehicles (USVs) have emerged as pivotal plat-
forms for a wide range of maritime missions. The operational demands
of these complex, large-scale tasks often exceed the capabilities of
a single vehicle, driving significant research interest in the coordi-
nation of multiple USVs (Zhong et al., 2025). Within this domain,
formation control is a fundamental capability for enhancing operational
efficiency, coverage, and system robustness.

USV formation control encompasses formation generation, transfor-
mation, and navigation (Sang et al., 2023). Recent years have witnessed
remarkable progress in formation control, fueled by advances in multi-
agent systems, nonlinear control, and artificial intelligence. Formation
control for multi-USVs primarily follows three paradigms: behavior-
based, virtual structure, and leader-follower (Er et al., 2023). Gu et al.
(2024) investigated a leader—follower motion control strategy for co-
operative USV-ROV operations in subsea cable inspection missions.
The virtual structure and leader-follower methods are often used for
navigation control of established formations. Yu et al. (2025) proposed
a virtual-real integrated framework for validating USV formation con-
trol algorithms. The former models the formation as a rigid body,
providing robustness at the expense of flexibility. The latter relies on
a leading USV but often lacks sufficient feedback, leading to over-
dependence on the leader’s performance and potential inefficiencies.
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In contrast, the behavior-based approach focuses on formation shaping
and dynamic adaptation through decentralized rules for individual
agents in uncertain environments (Matari¢, 1995).

The rapid generation of a USV formation involves two critical
phases. First, an optimal formation configuration must be determined.
This requires minimizing the total formation time by synthesizing
mission requirements, individual USV dynamics, their initial states, and
the operational environment. Subsequently, precise formation control
is necessary to ensure consistency during convergence. This entails
guiding all USVs to arrive at their designated positions simultaneously,
with their final velocities and headings precisely aligned to meet the
specified formation parameters while avoiding collisions. Liu et al.
(2026) developed a distributed H_, time-varying formation tracking
method for 3-DOF USVs with disturbance observer-based disturbance
compensation. Xu et al. (2026) proposed a robust formation control
strategy for unmanned surface vehicles to improve formation stability
under external disturbances.

USVs formation generation is typically addressed through
multi-agent path planning, where bio-inspired optimization algorithms
and multi-task assignment strategies are essential (Xing et al., 2023).
With advances in artificial intelligence, reinforcement learning (RL)
has been widely adopted for USV formation and navigation control
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(Mou et al., 2021). To satisfy Markovian assumptions, redesigned state
spaces help mitigate issues caused by system inertia and lag (Zhong
et al., 2022). Within this field, Wang et al. (2021) proposed a data-
driven, performance-prescribed RL control scheme using an actor-critic
framework, ensuring both optimality and prescribed tracking accu-
racy. Wang et al. (2023) developed a speed-adaptive obstacle avoidance
method based on deep RL, demonstrating robustness in large-scale
uncertain environments. Xiaofei et al. (2022) proposed a DDQN-based
global static path planning method to address path planning problems
of amphibious unmanned surface vehicles in complex maritime envi-
ronments. Furthermore, accounting for USV motion characteristics, Jin
et al. (2022) introduced a distributed soft collision avoidance strategy
and a multi-task training framework for leader-follower formation
control.

However, despite their strengths in handling complex interactions,
bio-inspired and machine learning approaches exhibit inherent limita-
tions in fast formation generation. A primary concern is their heavy
reliance on extensive training data, which is particularly challenging
to obtain (Cui et al., 2024). Traditional optimization and model-based
control methods remain essential in multi-USV formation generation.

Path planning plays a critical role in the performance of USVs
formations. Commonly used algorithms such as A* and its variants
have been enhanced through techniques like Octile-distance heuristics,
bidirectional search, and path smoothing, which significantly improve
search efficiency and path quality. These advances enable the rapid
generation of feasible formation paths (Li et al., 2025), collectively
establishing a reliable and computationally efficient foundation for
formation.

Trust region methods are iterative algorithms that optimize an
objective function by repeatedly constructing a local model — typi-
cally quadratic — within a bounded trust region (Waltz et al., 2006;
Fang et al., 2025). A candidate step is generated by minimizing this
model inside the region and is accepted based on how closely the
actual function reduction matches the predicted reduction (Yu et al.,
2024). Key advantages include strong convergence even for nonconvex
problems, adaptability through dynamic adjustment of the region size,
and suitability for derivative-free optimization via interpolation or
regression from sampled values (Yu et al., 2024; Mohammadi et al.,
2025). However, the approach requires solving a constrained quadratic
subproblem, which can be computationally expensive in high dimen-
sions. Performance also depends on the initial trust region size, update
rules, and the accuracy of the local model, where poor approximations
may lead to slow convergence or stagnation.

To achieve rapid USV formation, optimal positions must be deter-
mined based on each USV’s current location, capabilities, environment,
and formation shape. The process typically aims to minimize the total
formation time by ensuring that the last-arriving USV completes its task
as quickly as possible. A trust-region method with path planning can be
applied for this purpose, which iteratively constructs a quadratic model,
proposes updated formations by solving a trust-region subproblem, and
dynamically adjusts the trust-region radius according to actual perfor-
mance improvement. As a result, it enables real-time, collaborative,
and derivative-free position optimization with theoretical convergence
guarantees (Yuan, 2015).

To ensure that all USVs reach their designated positions simul-
taneously with matching velocity and heading along a planned tra-
jectory, Sliding Mode Control (SMC) is well-suited to this task due
to its straightforward design, rapid convergence, and intrinsic robust-
ness against matched uncertainties and disturbances (Zhang et al.,
2024). Recent research has focused on integrating SMC with com-
plementary techniques to mitigate its primary practical limitation —
control chattering — while enhancing overall performance (Meng et al.,
2024). Representative integrations include combining SMC with ge-
netic algorithm-based extended state observers for advanced distur-
bance estimation, and with prescribed performance control to guaran-
tee convergence within a predefined time frame (Dong et al., 2024).
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Fig. 1. Kinematic model.

This paper introduces a real-time formation-control framework that
couples A* path planning with an Elliptical Trust-Region (ETR) opti-
mizer. The main contributions are summarized as follows:

(1) This paper reformulates the USVs formation problem as a mini-
max arrival-time optimization and proposes an integrated A*~ETR
framework to determine the optimal formation center.

(2) A residual-time-based sliding mode controller is developed, ca-
pable of enforcing arrival-time consistency and maintaining ter-
minal speed and heading alignment, thereby achieving synchro-
nized arrival under dynamic replanning.

(3) A dedicated disturbance observer is designed to compensate for
disturbances associated with A* replanning and environmental
variations. A stability analysis is provided for the observer-
assisted navigation dynamics over continuous-time intervals be-
tween successive replanning events.

(4) Extensive simulations — spanning varying environmental com-
plexities, fleet sizes, and formation geometries — demonstrate
that our framework outperforms representative learning-based
and model-based benchmarks. It achieves higher success rates,
faster convergence, and a decisive edge in motion smoothness.

2. Problem statement

Multiple USVs formation is typically defined as a motion state in
which all USVs maintain prescribed relative positions and orientations.
Specifically, let the formation center ¢(r) = (x, y), and the desired target
positions of the ith USV be (x/,, y',). Moreover, all USVs should reach
their designated target points at the same terminal time T, while also
sharing a common terminal speed and heading angle:

wiT) =¥ 6

As illustrated in Fig. 1, the state vector of the ith USV is defined as
follows:

min(Tf), and v;(T;) =10,

n, =[x, yi» v WiJT 2)

where (x;, y;) denote the position of the USV in the earth-fixed coordi-
nate frame, v; represents the surge speed, and y; denotes the heading
angle. Correspondingly, the control input is defined as:

w = [u;, o]" 3

where u; denotes the rate of change of the surge speed, and w; denotes
the rate of change of the heading angle. Under this assumption, the
continuous-time kinematic model of the USV can be expressed as:

X; = v; cosy;
yi = v siny;

C))
0, =u
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The environment contains a set of static obstacles O, = {0}, 0,, ...,
0,,}, where each O; is modeled as a region that no USV is permitted
to enter. To represent moving maritime traffic and other time-varying
interferers, we further define a set of dynamic obstacles O,(r) =
{D(?), Dy(1), ..., D,(t)}. Each dynamic obstacle D,(?) is characterized by
a time-varying center position (x,(?), y,(¢)), a velocity vector (v, Uype)s
and a safety radius r,. To guarantee collision avoidance, the following
constraint must hold for every USV and for all obstacles:

|05 = )| 2 R4re ¥k € 0,0 D) )

where R denotes the safety radius of the USV.

To simply represent the key features of multi-USV path planning and
synchronized arrival in complex environments, we adopt the following
simplifying assumptions:

Assumption 1. The motion of USVs is typically modeled in the
plane, neglecting higher-order dynamics such as roll, pitch, heave, and
simplifying the impact of the environment.

Assumption 2. The static and dynamic obstacles are known in advance
via sensing or communication.

Assumption 3. USVs are connected through a stable communication
network.

3. Proposed algorithm

This study presents a real-time formation control framework that
integrates A* path planning with a trust-region optimization strategy.
Under the constraints of a predefined formation geometry, the A*
algorithm computes a feasible path length from each USV to every
candidate target point. These lengths are then incorporated into the
trust-region optimizer as time-based cost functions. By iteratively ad-
justing the global position of the formation, the proposed method
minimizes the maximum transit time across all USVs while ensuring
obstacle avoidance, thereby achieving a globally optimal assignment of
target points. Furthermore, the optimization loop operates in real time,
enabling adaptive recalculation of target points in response to dynamic
environmental changes or external disturbances.

The controller design incorporates essential physical and safety con-
straints. Each USV and obstacle is assigned a safety radius R. The sailing
safety is handled at the planning layer through distance-threshold
monitoring. The primary control objective is global spatiotemporal
coordination, requiring all USVs to arrive at their assigned target
points simultaneously with a common terminal velocity and head-
ing. To achieve this, a dual-phase control strategy is implemented, as
illustrated in Fig. 2.

3.1. Formation position determination

This work focuses on achieving fast formation, where the key per-
formance metric is not the shortest individual path, but rather the total
time required for the entire team to reach the desired formation.

When multiple USVs start from different initial positions and navi-
gate through an obstacle-populated environment toward their assigned
formation locations, the overall completion time is dictated by the
slowest USV. Therefore, the optimization objective is to minimize the
team makespan — the maximum transit time among all USVs — by
adjusting the global formation center in the plane. This adjustment in-
directly influences each USV’s target position and path length, thereby
shortening the overall completion time.

Assume there are N USVs, each with a desired cruising speed v,
for the ith USV. The desired formation is defined by a given geometric
shape, whose adjustable center is denoted by ¢ = (x, ). In an obstacle-
populated environment, a feasible path for the ith USV—from its

current position (x;,y;) to a target position (x;, y;) determined by the
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Fig. 2. Overall task flow.

formation shape and center c—can be generated using the heuristic
A* search algorithm. Let the corresponding path length be L,(c). The
optimization objective is to minimize the team makespan, defined as
the maximum travel time among all USVs:

min  max w
c i=l,...,N v;
The trust-region method is a widely used non-linear optimization
algorithm. Its core idea is to construct a quadratic approximation model
at the current iterate and to restrict the search within a trust-region,
within which the model is considered reliable. The classical trust-
region method typically adopts a circular trust region, which can be
formulated as:

(6)

mk(s)=f(ck)+g2s+ %sTBks (@)

min m(s) s.t. s, <4 8
s

where s € R? denotes the search step, c, is the formation center at
the kth iteration, g, = Vf(c,) is the gradient, B, is a quasi-Newton
approximation of the local curvature rather than the exact Hessian, and
A denotes the trust-region radius.

The curvature approximation B, is updated using the BFGS scheme:

Bysisi B, Yyl

©)

B,.., =B, —
k+1 k T T
S, Bys, Y Sk

where

Sk = Chp1l — € Yk = VS (Crp) — VIep)

FO +hy) = £ i)
h (10)

S v+ h) = f(xp, 010)
h

Vile) ~
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h is a small perturbation parameter, and B, =yI,y > 0.

This method, while straightforward and numerically stable, im-
poses an isotropic constraint that treats all search directions equally.
Consequently, certain directions may be underexplored while others
are oversearched, potentially lowering the overall convergence effi-
ciency. To address this limitation inherent in the classical trust-region
framework, the present work employs an Elliptical Trust Region (ETR)
strategy. The core idea is to introduce a scaling matrix D that assigns
distinct stretching or shrinking factors along different coordinate axes,
thereby shaping the trust region into an ellipse:

@ ={ser|sTD;'s <42} an

where 4, > 0 denotes the trust-region radius. Accordingly, the subprob-
lem can be formulated as:

min m(s) st sTD7's <A (12)
s

The scaling matrix D, is constructed using a diagonal curvature-
based strategy with regularization:

D, = diag < ! , ! > 13
VIBenl+& /IBiyl+e

where ¢ > 0 is a small regularization parameter. The diagonal ap-
proximation is chosen for two reasons: first, computational simplicity
without full eigenvalue decomposition; second, and more importantly,
the minimax arrival time from A* costs is non-smooth and highly
sensitive to obstacles. Off-diagonal entries from a finite-difference BFGS
approximation may introduce unstable directional rotations. Hence, D,
is not intended to recover the full Hessian geometry, but rather serves
as a conservative anisotropic scaling that prioritizes numerical stability
over accurate second-order information.

To evaluate the predictive accuracy of the quadratic model m(s)
with respect to the true objective function, the ratio between the actual
reduction and the predicted reduction (reduction ratio) is introduced
as:

Ared,
"= Pred,

flep) — f(ék+1)
= 14
mk(O) —my(sy) 14)

This ratio reflects the reliability of the local quadratic model within the
current trust region.

Based on the reduction ratio r;, the acceptance criterion for the trial
step is defined as:
Cruy = cp+s;, >0 . as)

Crs otherwise

Meanwhile, the trust-region radius 4, is adaptively updated accord-

ing to the following rule:

aA, 1> by
by > 1y 2 by 16)
ajAy, r<b

A1 =44,

where the parameters satisfy

0<b <b <1, 0<a;<l<a, a7)

This update mechanism ensures consistent progress toward conver-
gence while allowing the elliptical trust region to dynamically adapt
the search scope in response to local model fidelity. Specifically, the
scaling matrix D, shapes the direction and geometry of the trust region,
whereas the radius 4, governs the overall step size. In contrast to a
circular trust region, the elliptical formulation facilitates directional
scaling, permitting larger steps along well-conditioned directions and
finer adjustments along more sensitive ones, thereby enhancing the
overall efficiency of the optimization search.

The A* algorithm and the Elliptical Trust Region method are inte-
grated into a tightly coupled, closed-loop iterative framework. Given
a current formation center ¢, = (x;,y;), the A* algorithm computes

Ocean Engineering 358 (2026) 125757

( * )

[A* path cost evaluation) -1

(Path 1) ° 00 (Path n)

o (Le) (L)
\ , J
/

v
[ A* Path Planner }/ T _L© T = L,(c)

Li(c) (x;"y(li)

Elliptical Trust-Region optimizer (—B

(X Vi) - v () —
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an optimal obstacle-free path for each USV to its assigned target
position, from which the path length L;(c,) and travel time Tj(c;)
are obtained. These times are aggregated into the objective function
f(cy) = maxTy(c,), representing the maximum completion time (i.e., the
makespan) under c,,.

Subsequently, the ETR method constructs a local quadratic model of
f around ¢, and solves a constrained subproblem to update the center
to €yy1 = (Xg41, Vie1)- Thus, A* provides the time-cost evaluation for a
given center, while ETR adjusts the center to reduce the makespan.

The two modules operate in a mutually reinforcing loop: A* supplies
feasible-path time feedback, and ETR uses this information to itera-
tively refine the formation center, progressively narrowing the feasible
region. Throughout the iterations, the identity of the bottleneck USV(s)
may change, yet the optimization objective remains consistently the
minimization of the maximum travel time.

The loop converges to an optimal formation center ¢* = (x*, y*),
from which the corresponding target positions (xg), yf;)) for all USVs are
determined, as illustrated in Fig. 3. The iterative process is outlined
in Algorithm 1. To handle infeasible trial centers generated by ETR,
a hierarchical backup mechanism is incorporated into the optimiza-
tion loop, comprising trust-region shrinking(B1), a local feasible-center
search(B2), and fallback to the previous feasible center(B3).

3.2. Formation navigation control

Once the optimal formation position is determined, all USVs must
navigate to their assigned positions and arrive simultaneously. This
paper adopts a sliding-mode control strategy (SMC) for formation nav-
igation. For the ith unmanned surface vehicle (USV), let L . ; denote
the remaining path length along the A*-planned path and v;(r) denote
the current surge speed. The remaining arrival time is defined as:

) = Lrem,i(t) (18)
T,'( )= _U,-(t)
#(t) = max 7;(f) 19

To promote active acceleration of the USV that dominates the
overall completion time, different priority-adjusted remaining-time ref-
erences are constructed from the shared 7(¢). Let

i* = argmax 7;(t) (20)
1



W. Zhong et al.

Algorithm 1: Pseudocode of A*~ETR with backup mechanism

Input: Initial states {nf’}, obstacle map O, formation offsets {4p;},
initial center c, trust-region radius 4,, parameters
(ay,ay,by,b), Kooy, M

Output: Optimized center c*, target points {p}}, A* paths {P*}

1 Initialize ¢ « ¢, 4«4, k<0;

2 while k < K, do

3 Compute p;(c), run A*, obtain L;(c);
4 Evaluate f(c);

5 Solve ETR to obtain s, set ¢ =c + s;;
6 if A* feasible for all p,(¢) then

7 ‘ Evaluate f(¢), compute r;

8 end if

9 else

10 for m=1to M do

1 A < a,4, re-solve ETR, update ¢;
12 if A* feasible then

13 ‘ break

14 end if

15 end for

16 if A* infeasible then

17 Search ¢’ within ||¢’ - ¢|| < 4;
18 if found then

19 ‘ é¢—c

20 end if

21 end if

22 if A* still infeasible then

23 ‘ ¢ «c, A< 054

24 end if

25 Evaluate f(¢), compute r;;

26 end if

27 if r, > 0 then

28 ‘ c < ¢;

29 end if

30 if r, > b, then

31 ‘ A« ay4;

32 end if

33 else if r, < b, then

34 ‘ A~ a4

35 end if

36 k—k+1;

37 end while
38 Set c* « ¢, pf < c* +4p, PF « Pi(c*);

denote the index of the USV with the largest remaining arrival time.
The reference remaining time for the ith USV is defined as:

_ -
el (1) = {f(t) T IET s, 50 1)
() =6, i#i*

In the proposed cooperative control framework, 6, serves as an
allowable synchronization margin to prevent other USVs from arriving
too early. In contrast, 4, defines the chasing intensity for the USV
with the largest remaining arrival time by assigning it a smaller ref-
erence remaining time. The design condition A, > §, ensures that this
slowest USV is granted higher acceleration priority, thereby preventing
the overall formation efficiency from being compromised by a single
lagging USV. Based on the reference remaining time introduced above,
the remaining-time error and the heading error for the ith USV are
respectively defined as:

i) =70 =70, ey () =y = WD) (22)

where y/l.ref(t) denotes the reference heading angle determined by the
local tangential direction of the A* path.
The error vector is then constructed as:

— er,i(t)
e = Lw m} (23)
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To ensure fast convergence and suppress steady-state bias, a vector-
form PI-type sliding surface is defined as:

1
s =€)+ A / e,()de,  A=diag(d., 4. A Ay, >0 (24)
0
5, = ¢+ Ae; = ¢;() + ¥, (), + d; (1) (25)
where u; = [4;, »;]" is the control input vector, and d;(t) collects

unmodeled dynamics and external disturbances.
For the USV model considered in this work, a diagonal input-gain
matrix is adopted:

_ w0
Y. = [ 0 1] (26)
where y,;(-) is the input gain associated with the remaining-time
dynamics, while the heading dynamics satisfy y; = w; with a unit input
gain.

To guarantee finite-time reachability of the sliding manifold and
suppress control chattering, a component-wise vector finite-time reach-
ing law is employed:

§; = —Kils;|" @ sgn(s)) — Kys; (27)
K, = diag(k, .k, 1) > 0, K, = diag(k, 5, k,, ) > 0 (28)
a=la,a,]", 0<a,a,<I (29)

where © denotes element-wise multiplication.
Substituting the reaching law Eq. (27) into Eq. (25), the vector
sliding-mode control input is obtained as:

W™ =W =K 15,1 © sen(s) - Kas, - () ) 30)

The surge acceleration term u; in ui™ regulates the USV’s speed to
synchronize the remaining arrival times across the fleet, whereas the
yaw-rate term w; compensates for the heading error and ensures stable
tracking of the A*-planned path. Thus, the overall control input for each
USV can be concisely expressed as:

u = [ui] — u?mc (31)
@;

When the A* algorithm performs online path replanning, the re-
maining path length L, can change discontinuously, causing abrupt
jumps in the estimated time of arrival = = L, /v. Beyond the re-
sulting temporal deviation, path replanning may also introduce sudden
changes in the reference heading derived from the updated path.

To suppress these adverse effects, disturbance observers are de-
signed to estimate the equivalent disturbances arising from A* re-
planning and to provide corresponding compensation in the control
law. The time-disturbance term accounts for variations in the remain-
ing path length and speed fluctuations, while the heading-disturbance
term captures the impact of sudden changes in the reference heading.
Differentiating r with respect to time:

% =g (O u; +d (1), (32)
where
L i rem,i
g =——5=,  d ()= —= (33)
12 i

The tern; d.;(t) represents the equivalent disturbance in the
remaining-time channel due to path updates and other unmodeled
effects. After a replanning instant, the reference path may switch
abruptly, causing a finite jump in L, ; and consequently in z;. Hence,
the effect of replanning is modeled here as piecewise-smooth inter-
event evolution combined with finite jumps at discrete replanning
instants, rather than as a globally smooth continuous-time disturbance.
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Fig. 4. A* planner with SMC.

To estimate the above disturbance online, an extended state observer
(ESO) is constructed for the remaining-time channel as:

f= 20+ 00 (5 =)
2_12,i =g i(Du;+ ‘ir,i + 0 — 1) (34)
dAr,i =ls(n— 1)

where #; denotes the estimate of the remaining arrival time, 2,,;
denotes the estimate of its rate of change, and d, is the estimate of the
equivalent disturbance d, ;. The observer gains satisfy 7,7 ,,,2,3 > 0.

To address the heading disturbance caused by changes in . ;, an
extended state observer is designed as follows:

é\y/,i = Au/Z.i + {v/l(ew,i - éu/,i)

ﬁwz,i =w; + dAW +Cyae, ;=€) (35)

‘iw,f =Cysley —8,,)
where é,; and Z,,; denote the estimates of the heading error and
its rate of change, respectively, and dAV,J is the estimate of the equiv-
alent disturbance in the heading channel. The observer gains satisfy
Cy1- by lys > 0.
By integrating the estimated disturbances as compensation into the
Eq. (30), the control input can be expressed as:

w = qz;l(.)(Kl I5,1% © sgn(s;)Kys; — () — Aé,.) (36)
where

N d.. .

d, = [j;'[] , A = diag(4,, 4,) > 0 37

The control framework is illustrated in Fig. 4 and summarized in
Algorithm 2. A*-based replanning triggers upon detecting a dynamic
obstacle or USV-USV conflict. The sliding-mode controller then strictly
follows the planned path for synchronization and tracking. Conse-
quently, spatial safety is handled at the planning layer and not a
hard controller guarantee; rather, a conservative threshold d;, > 2R
maintains a buffer short of the geometric limit.

3.3. Stability of the navigation controller

To analyze the stability and convergence of the proposed navigation
controller, a Lyapunov-based analysis is conducted. For the ith USV,
the sliding surface vector s;(r) is defined as in Eq. (24). Consider the
Lyapunov candidate function

Vi = 357080 (38)

which is positive definite with respect to s;(f) and satisfies V;(r) = 0 if
and only if s;(r) = 0.

Taking the time derivative of V() along the system trajectories
yields

Vi(t) = s (1)8;(1) (39)
With Eq. (27), the above equation can be written as:

V; = —s] (0K, |s;(1)]* @ sgu(s;(1) — 5] (N K,s; (1) (40)
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Algorithm 2: Pseudocode of Formation Navigation Control with
Disturbance Observer
Input: Initial remaining path lengths (L, .}, initial speeds {0},
sampling period 47, small constant € > 0, controller gains
(K|, K,, A), observer gains, maximum time T},
Output: Control inputs {u,}
1 Initialize t < 0;
2 Initialize 7; < L?em‘i / (v? +¢) for all i, compute the shared baseline 7,
and construct the priority-adjusted reference ' according to
Eq. (19)- (21);
3 Initialize tracking errors e;, sliding surface s;, and observer states for
all USVs;
4 whilet <T,, do

5 Update remaining path length L

from A* / path tracker;

rem,i

6 Compute 7; < L,./(v; +€), update the shared baseline 7, and
construct r‘ref according to Eq. (19)- (21);
7 Update time error e,; « 7; — ¢ and sliding surface s; by Eq. (24);
8 Update disturbance estimate d, using the observer by
Eq. (34)- (35);
9 Compute control input u, = [u;,»;]" using SMC and compensation

by Eq. (36)- (37);

10 Apply u, and propagate USV kinematics to obtain #,(r + 4r);
11 t—t+ A4t

end while

-
N

Because
sls|“sgn(s) = |s| '+ (41)
We know that

sT (DK, Is;()]* © sgn(s; (1)) = z kyjls ) (42)
J

and

sT(DKy8;(1) 2 Ain (K)lIs; (0|1 (43)

Hence,

Vi <= Y keylsi " = Apin(Ko)lls, I, Vs, (1) # 0 (44)
J

Let ap, = min;ja;. Since 0 < a; < 1, 1 +a; € (1,2). By
norm equivalence in finite-dimensional spaces, there exists a positive
constant ¢, > 0 make

D kel 2 e ls (o)) (45)
J

Moreover, since

1
Vi =5 llsol? (46)
there exist positive constants ¢; and ¢, such that

Itomin

Vis-aV, ' -ql, 47
Noting that

14 oy
0< T“"" <1 (48)

The above inequality satisfies the standard sufficient condition for
finite-time stability. Therefore, the Lyapunov function V;(¢) converges to
zero in finite time, and the sliding vector s;(¢) reaches the origin within
a finite settling time.

Once the sliding motion is established, i.e.,

s()=0 (49)

the following relation holds:

ei(t)+/1/ €()df =0 (50)
0
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Differentiating the above equation yields the reduced-order error dy-
namics

&)+ Ae;(1) =0 (51)

Since A = diag(4,,4,,) > 0, the reduced-order system is exponentially
stable, and the tracking errors satisfy

e;(1) = 0, t — oo. (52)

Therefore, the proposed controller guarantees finite-time reachabil-
ity of the sliding surface and asymptotic convergence of the tracking
errors, providing explicit stability guarantees for the USV formation
navigation system.

3.4. Stability of the disturbance observer

For the remaining-time channel, according to the disturbance-
affected dynamics in Egs. (32)-(33) and the observer structure in
Eq. (34), the estimation errors are defined as:

d,;=d,;—d,; (53)

Ti =T =T 202, =T~ 202> 7 = A

The observer error dynamics can be written as:

0 %
X, = AKX+ . 0 |, %, = 252,,- (54)
dr,i(t) dr,i
where
-l 1.0
A=\, 0 1 (55)
-l 0 0

The characteristic polynomial of A, is
pe(s) =+ 1P+ s+ 15 (56)

According to the Routh-Hurwitz criterion, if the observer gains satisfy:

11>0, 1,>0, I5>0, I l,>1;4 (57)

A, is Hurwitz and the corresponding homogeneous error system is
exponentially stable. Furthermore, if d_ (1) is bounded, the observer
error system is a stable linear system driven by a bounded input.
Therefore, the estimation error of the remaining-time channel is uni-
formly ultimately bounded, and it can converge to a sufficiently small
neighborhood of the origin when the disturbance varies slowly.

For the heading channel, the disturbance observer in Eq. (35) has
the same structure as that of the remaining-time channel. Define the
estimation errors as:

z

Cyi = Cyi T Cyiv

w2i =Cyi— 2y dyi=dy, ;i —dy,; (58)

As above, the observer error dynamics can be expressed as:

I, 1 0
A, =|-l,, 0 1 (59
I3 0 0

whose characteristic polynomial is
Py(8) =5+ 1,157 + 1,55 +1,3 (60)
Similarly, if

Li>0, L,n>0, L,3>0, I,l,,>1,; (61)

A,, is Hurwitz and the corresponding observer error system is ex-
ponentially stable. Under the boundedness assumption of d',‘,,i(t), the
estimation error of the heading channel is also uniformly ultimately

bounded.
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4. Experiments and results analysis

In this section, a simulation environment is established to evaluate
the proposed algorithm. Based on the simulation results, the effec-
tiveness, performance, generalization capability, and robustness of the
formation-control framework are discussed.

The success rate is defined as the ratio of successful formation
completions to the total number of tests. The path length refers to the
average traveled distance of all USVs, and the number of steps denotes
the average number of discrete motion steps taken by the USVs in the
successful formation. The final velocity errors quantify the deviation
between the actual terminal velocities and the velocities required by
the formation specification; similarly, the final yaw errors measure the
difference between the actual and the desired heading angles at arrival.
These metrics are formally expressed as:

n e
path length = —Zi:l fo ol (62)
n

> fond 63
step A i=1 At (63)

Z}.'::l v, — ufinal
velocity error & “; 64

n
n _ . final

Zha i —vl™| 5)

A
yaw error =
n

where tin o s the time the ith USV reaches its target, » is the number of
USVs in the cluster.

4.1. Experimental scenes

To comprehensively evaluate the performance of the proposed
methods under varying environmental complexity, two distinct test
scenarios are designed.

Scenario 1: Low-Complexity Environment. This scenario comprises
three static obstacles and one dynamic obstacle. The static obstacles are
sparsely distributed, while the dynamic obstacle follows a predefined
trajectory. This setup is designed to evaluate the fundamental obstacle-
avoidance capability of the algorithms and to verify their effectiveness
in global path planning and synchronized control.

Scenario 2: High-Complexity Environment. This scenario includes
eleven static obstacles and three dynamic obstacles. The high num-
ber of static obstacles forms several bottleneck passages, substantially
narrowing the feasible paths and increasing the difficulty of local
collision avoidance. Meanwhile, multiple dynamic obstacles move in
different directions, introducing significant environmental uncertainty.
This scenario is therefore used primarily to assess the robustness and
stability of the algorithms in dense obstacle fields and under strong
dynamic disturbances.

4.2. Formation tests results

In the simulation experiments, all USVs share the same motion
model and are subject to identical control constraints. The initial posi-
tions are randomly distributed within the operational area, the initial
heading angles are arbitrarily chosen from [0°,360°), and the initial
surge speeds are set to nonzero values.

In the current implementation, the surge speed of each USV is
bounded by

0 < 0;(1) < Upax (66)

where v, = 1.5 unit/step. To maintain trajectory smoothness and
control feasibility, the yaw rate is also limited as

l; (D] < Opax (67)
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Global trajectory

(a) (b)

Fig. 5. Formations of 3, 5, and 7 USVs in Scene 1.

Global trajectory

Global trajectory

Global trajectory

Fig. 6. Formations of 3, 5, and 7 USVs in Scene 2.

with @, = 60°/step. During the simulations, control inputs are
applied only to the surge thrust and yaw moment. We do not model ac-
tuator dynamics (e.g., propulsion lag, rudder servo dynamics) or high-
fidelity hydrodynamic effects (e.g., added mass, nonlinear damping,
parameter uncertainties). Therefore, the results should be interpreted
under the assumption of ideal low-level actuation.

As shown in Fig. 5, in Scenario 1, after quickly determining the for-
mation position based on requirements and environmental parameters,
all USVs start from dispersed initial positions and smoothly converge
to their assigned target locations while avoiding obstacles. For each
formation size (3, 5, and 7 USVs), the desired formation is successfully
achieved. The overall trajectories appear smooth, without noticeable
path congestion or collisions.

Fig. 6 presents the corresponding results in Scenario 2. Owing to the
substantially larger number of static obstacles and stronger dynamic
disturbances, the USVs must execute frequent obstacle-avoidance ma-
neuvers and path adjustments during navigation. Despite the increased
environmental difficulty, all USVs still reach their designated target
positions after necessary detours and corrections, eventually forming
the prescribed formations.

Table 1 presents a quantitative comparison of formation quality
across varying fleet sizes, formation geometries, and environmental
complexities. Overall, the proposed A*-ETR framework successfully
generates formations with higher success rates under all tested condi-
tions, achieving acceptable terminal synchronization errors.

Performance declines with increasing environmental complexity
and fleet size. In the high-complexity setting of Scenario 2, denser
obstacles and narrower passages force longer detours, amplify path-
planning disturbances, and consistently elevate velocity and yaw errors.
As the number of USVs increases from 3 to 7, the growing coordination
difficulty leads to progressively lower success rates and higher terminal
errors. The influence of formation geometry is secondary, with the
Polygon shape typically requiring slightly longer paths and yielding

marginally larger errors than the simpler Line formation under identical
conditions.

The primary cause of failure is target-point infeasibility. During
ETR optimization, target points are generated from a fixed geometric
template. In dense environments, some points may fall inside obstacles
or in regions that violate safety constraints, causing the A* planner to
fail and stalling the entire planning-control loop. This issue is most pro-
nounced in Scenario 2 with larger formations, explaining the observed
decline in success rates.

The heading angle of each USV is presented in Figs. 7 and 8, re-
spectively. During the formation, the heading angles exhibit relatively
frequent variations. These variations arise from the combined influence
of several factors typical of complex environments, including path
replanning, heading-rate constraints, and the closed-loop interaction
between navigation and formation control.

The proposed method employs an ETR strategy to dynamically up-
date the global formation center in response to USV states and obstacle
distribution. Once the ETR-optimized center shifts, the target position
for each USV is recomputed, which in turn triggers A*-based path
replanning toward the updated setpoints. Consequently, each USV con-
tinuously adjusts its heading to follow the newly replanned path, giving
rise to the rapid variations observed in the heading-angle profiles.
This dynamic reflects the close coupling between formation-position
optimization and reactive path planning.

Figs. 9 and 10 present the speed profiles of formations consisting of
3, 5, and 7 USVs in Scenario 1 and Scenario 2, respectively.

Instead of enforcing identical speeds, the proposed controller adjusts
each USV’s velocity to synchronize the remaining arrival times. This
coordination results in the purposeful, non-uniform speed variations
observed in the early stage. As the formation advances, the differ-
ences in remaining arrival times diminish, and all speeds converge
to the prescribed cruising value, confirming successful spatiotemporal
synchronization.
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Table 1
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Yaw of 3, 5, and 7 USVs during formation in Scene 1.

Yaw of 3, 5, and 7 USVs during formation in Scene 2.

Formation performance reported separately for each fleet size, formation geometry, and scenes.
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——UsV2
——UsV3
usv4
USvs
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—Usv7

N  Formation  Success rate (%) Avg steps Avg path Velocity error (%) Yaw error (°)
Scene 1 Scene 2 Scene 1 Scene 2 Scene 1 Scene 2 Scene 1 Scene 2 Scene 1 Scene 2
Line 97.8 95.2 75.4 86.9 33.4 36.5 2.9 3.8 0.12 0.20
3 \4 97.1 94.7 78.1 89.2 34.7 38.3 3.4 4.6 0.15 0.28
Polygon 96.4 94.1 71.5 83.6 36.1 39.6 3.7 4.9 0.12 0.31
Line 93.3 88.2 101.3 121.1 359 38.4 3.8 4.7 0.18 0.28
5 v 91.8 87.5 105.3 123.4 36.4 43.2 4.3 5.4 0.24 0.34
Polygon 89.8 86.9 114.5 127.3 37.8 45.1 4.6 5.2 0.30 0.40
Line 85.1 75.3 120.5 140.9 36.3 43.4 4.9 5.8 0.33 0.36
7 \Y% 84.4 74.0 121.6 142.6 37.9 44.5 5.4 6.3 0.32 0.42
Polygon 83.6 73.8 127.8 149.7 40.5 46.8 5.8 6.1 0.38 0.37
Compared with Scenario 1, Scenario 2 exhibits larger speed fluctu- Table 2
ations. This is primarily due to frequent local replanning in obstacle- Safety-trigger statistics across different fleet sizes and environments.
dense environments, which introduces abrupt changes in L,,, and r = N Environment Recorded Min distance Trigger step
L,,,/v. Although the integrated disturbance observer compensates for triggers (unit) range (steps)
these variations, residual speed oscillations remain unavoidable under 3 Scene 1 0 9.82 -
high environmental complexity. Scene 2 0 9.47 -
To further investigate the source of the velocity oscillations in Fig. s Scene 1 0 5.86 -
10, the corresponding surge control inputs are presented in Fig. 11. Scene 2 61 3.91 106-115
The control inputs remain bounded and relatively smooth throughout . Scene 1 154 3.86 112-123
the process and do not exhibit dense high-frequency switching typically Scene 2 322 3.74 132-144

associated with severe SMC chattering.

Each USV and obstacle is assigned a safety radius R = 1, and replan-
ning is triggered when the pairwise distance falls below the threshold
dyig- The resulting trigger statistics and the observed minimum inter-
vessel/obstacle distances are summarized in Table 2 for dy;, = 4.0.
As shown therein, no triggers occur in smaller-scale cases where the
minimum distance is larger than 4.0. Trigger counts increase with
fleet size and environmental density, particularly for N = 7, and the
trigger-step ranges indicate that events concentrate in the later stage of
formation when the fleet is more compact near the target configuration.

4.3. Analysis of comparative experiments

To systematically evaluate the performance of the proposed method,
comparative experiments are conducted in Scenario 1 and Scenario 2.
The proposed approach is benchmarked against four methods: the HG-
PPO method introduced in Zhong et al. (2026), MAPPO, MADDPG,
and the Artificial Potential Field (APF) method. All methods are tested
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Fig. 11. Time-domain surge control inputs of 3, 5 and 7 USVs in Scene 2.

under identical environmental layouts, USV kinematic models, motion

constraints, safety constraints, fleet sizes, and formation geometries.

For MAPPO and MADDPG, a unified reward structure is adopted:
&

ry=-—op — aZﬁ Z ”pl - pi,d” - a3esync - a4¢safe + aStherm

i=1

(68)

where «y, ..., a5 are weighting coefficients, p; and p; ; denote the cur-
rent and target positions of the ith USV, e,  denotes the synchro-
nization error, @, and @ denote the safety penalty and terminal
reward, respectively.

Key hyperparameters, the training budget, and the number of ran-
dom seeds are listed in Table 3. Baseline parameters were adopted from
commonly reported values in the original studies and then moderately
adjusted under the same training budget. Performance is evaluated
via success rate and mean steps to formation completion, with results
summarized in Table 4.

term

Table 3
Key hyperparameters, training budgets, and random seeds of MAPPO and
MADDPG.

Item MAPPO MADDPG
Learning rate 5% 1074 1x1073
Mini-batch size 256 256
Discount factor y 0.99 0.95

Clip ratio 0.2 -

Training budget 20000 eps. 20000 eps.
Number of random seeds 5 5

As shown in Table 4, under identical fleet sizes and formation
geometries, the proposed method exhibits a moderate performance
decline when transitioning from the low-complexity Scenario 1 to the
high-complexity Scenario 2. Specifically, its success rate drops by only

10
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Table 4
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Experimental results of different algorithms under different environments and formation shapes.

N Environment Method Success rate (%) Average formation steps
Line \ Polygon Line v Polygon
Our method 97.8 97.1 96.4 75.4 78.1 71.5
HG-PPO 95.6 95.0 94.8 83.2 84.7 79.6
Scene 1 MAPPO 95.1 94.5 94.0 86.7 96.2 81.3
APF 94.1 93.2 92.8 78.4 88.5 74.5
3 MADDPG 93.4 92.6 92.1 92.2 101.1 87.5
Our method 95.2 94.7 94.1 86.9 89.2 83.6
HG-PPO 92.3 92.0 91.7 95.1 103.6 87.2
Scene 2 MAPPO 91.6 91.1 90.4 99.4 108.6 91.7
APF 89.3 88.5 87.7 88.4 96.5 81.5
MADDPG 87.8 86.9 86.1 112.4 122.6 108.4
Our method 93.3 91.8 89.8 101.3 105.3 114.5
HG-PPO 86.8 85.7 84.1 162.4 171.6 183.2
Scene 1 MAPPO 85.9 85.1 83.7 156.3 165.8 177.6
APF 82.8 81.2 79.1 145.6 154.4 165.3
5 MADDPG 80.6 79.4 77.8 162.5 171.4 182.6
Our method 88.2 87.5 86.9 121.1 123.4 127.3
HG-PPO 79.5 78.3 76.1 185.7 193.5 205.8
Scene 2 MAPPO 78.6 77.4 75.8 179.8 188.9 201.0
APF 70.0 71.8 69.1 168.1 176.3 188.4
MADDPG 67.8 66.5 65.1 200.1 210.5 222.3
Our method 85.1 84.4 83.6 120.5 121.6 127.8
HG-PPO 78.4 77.1 75.6 228.3 241.6 254.8
Scene 1 MAPPO 77.5 76.3 74.8 224.1 237.5 250.4
APF 71.4 69.6 67.6 227.3 227.3 232.3
7 MADDPG 68.6 67.3 65.9 224.7 238.9 252.3
Our method 75.3 74.0 73.8 140.9 142.6 149.7
HG-PPO 62.3 60.8 58.9 269.4 274.6 282.6
Scene 2 MAPPO 60.9 59.6 57.7 261.7 269.8 279.3
APF 54.3 52.3 53.0 245.2 252.6 262.6
MADDPG 51.5 50.2 49.8 275.4 286.7 298.6
70

3%-12%, and the average formation steps increase by about 10-40
steps. It should be clarified that the Average Formation Steps are the
discrete control simulation steps of the navigation layer. In contrast,
the benchmark methods suffer more severe degradation under dense
obstacles and narrow passages, with larger reductions in success rates
and substantially longer formation steps.

As the formation scales from 3 to 5 and then 7 USVs under the same
environmental and geometric conditions, the proposed method shows
a gradual decrease in success rate (about 12%-15% in Scenario 1 and
18%-22% in Scenario 2) and a controlled rise in average steps (from
roughly 70-90 to 120-150 steps). By comparison, the other methods
degrade more sharply, often exceeding 250 steps in the 7-USV case.

Across different formation shapes (Line, V-shape, Polygon), the pro-
posed method maintains stable performance. For a given environment
and fleet size, success-rate differences remain within 1%-3%, and step
counts vary by no more than 10-20 steps, even in Scenario 2 or with
larger fleets. The benchmark methods, however, display significantly
larger performance variations across shapes, especially in complex or
large-scale settings.

In all, our method maintains higher success rates and requires signif-
icantly fewer formation steps across all tested conditions. Notably, the
performance degradation of our method under increased environmental
complexity and larger fleet scales is more gradual and controlled com-
pared to other methods, which suffer from sharper declines in success
rates and substantially longer step counts, especially in complex, large-
scale scenarios. Furthermore, our method shows stable performance
across different formation shapes, with minimal variation, whereas
competing methods exhibit larger performance fluctuations depending
on the geometry.

4.4. Analysis of ETR and A* disturbance observer
4.4.1. Analysis of A*-ETR

To validate the efficiency of the elliptical trust-region optimiza-
tion strategy, we compared its convergence behavior with that of the

11
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Fig. 12. Convergence behavior of TR and ETR.

conventional circular trust-region method. Both TR and ETR use the
same objective function (Eq. (6)), update rules, stopping criteria, initial
formation center, environmental setup, and formation configuration.
The trust-region radius is adjusted adaptively based on the reduction
of the objective value. Optimization stops when the change in the
objective falls below a preset threshold or the maximum iteration count
is reached. Experiments are conducted in Scenario 1 with 3 USVs, and
the results are shown in Fig. 12.

Fig. 12 shows that both methods exhibit monotonic convergence,
reducing the objective function steadily until stable convergence is
achieved. However, ETR descends faster in early iterations and stabi-
lizes after about 18 steps, whereas TR requires roughly 29 iterations
to reach a comparable level. This demonstrates that the elliptical
scaling in ETR better exploits directional search information, reduces
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Table 5
A*-ETR stability statistics with different initialization and obstacle configura-
tions.

Case Samples Succ. Final Obj. Loc. Fluct.
rate (%) (u+o0) (u+o0)
ETR cases 100 96.0 36.38 + 1.82 2.01 £0.31

unproductive trial steps, and thus accelerates convergence. Once near
the optimum, the two methods behave similarly, indicating that ETR
improves convergence speed without compromising solution quality. It
should be clarified that the “Iteration k” refers to the optimization-layer
iterations of the ETR algorithm (Algorithm 1), rather than physical
motion steps.

To further assess the stability of the A*-ETR, a supplementary
experiment was conducted for the 3-USV case, covering only the op-
timization stage from the initialization center to the first optimized
formation center. Obstacle complexity was at the same level as in
Scenario 2. A total of 100 ETR test cases were constructed, with
results summarized in Table 5. The table reports the success rate, final
objective value, and local fluctuation indicator J,,. The final objective
value reflects the objective-function level after optimizing the first
formation center; J,,., characterizes local variations of the convergence
curve around its overall descending trend, defined as

Jiocal = (69)

where f, is the objective value at the kth iteration, f(k) is the smoothed
trend of f,, and T is the total number of iterations.

As shown in Table 5, A*-ETR successfully optimized the first forma-
tion center with a success rate of 96%. The final objective value exhibits
modest variation across samples, as changes in obstacle distribution
directly reshape the A*-induced objective landscape. Meanwhile, the
local fluctuation indicator remains relatively low, indicating only mild
local oscillations in the convergence curves.

Table 6 shows that the trigger frequencies of all backup methods
increase with environmental complexity and fleet size. B1 remains the
dominant method, indicating that most infeasible instances are resolved
by shrinking the trust region and re-solving the local subproblem, while
B2 and B3 offer additional safeguards in more challenging scenarios.
Compared with the no-backup baseline, the proposed mechanism in-
creases runtime by only 4.1%-9.1%. The residual failures are mainly
associated with persistent target-point infeasibility, limited feasibility
recovery within the allowed backup budget, and repeated infeasibility
in dense-obstacle configurations.

Collectively, these results suggest that A*-ETR maintains stable
numerical behavior under variations in both initialization center and
obstacle arrangement.

4.4.2. Analysis of A* disturbance observer

To validate the effectiveness of the proposed A*-based disturbance
observer in improving dynamic performance under complex conditions,
this study selects the high-complexity Scenario 2 and compares the
speed and heading responses of 3 USVs with and without the observer.
All experiments use identical initial conditions, planning parameters,
control settings, and obstacle layouts.

Table 7 compares the averaged formation performance in Scene
2 with and without the disturbance observer, where the results are
aggregated over the three formation geometries for each fleet size.
The results show that, without the observer, the success rate drops
slightly but consistently across all fleet sizes—by about 1-2%—with the
reduction becoming more pronounced as the formation scale increases.
This trend suggests that in obstacle-dense environments with frequent
replanning, uncompensated equivalent disturbances accumulate during

12
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Fig. 14. Yaw angle comparison of 3 USVs in Scene 2.

the terminal synchronization phase, gradually degrading the system’s
ability to meet strict terminal constraints.

The average number of formation steps is more noticeably affected
by the absence of the observer. Without compensation, step counts
increase by roughly 5%-12% for all fleet sizes. This indicates that,
when replanning-induced variations in remaining path length and ref-
erence heading are not actively mitigated, the sliding-mode controller
must rely on more frequent speed and heading adjustments to maintain
arrival-time consistency, thereby prolonging the convergence process.

As shown in Figs. 13 and 14, in obstacle-dense areas and during
frequent path replanning, velocities exhibit abrupt accelerations and
decelerations, while heading angles display high-frequency oscillations
interspersed with large corrective turns.

Figs. 15 and 16 show the estimation errors of the remaining-time
disturbance and the yaw disturbance for the three USVs in Scene 2. It
can be observed that the estimation errors remain small and fluctuate
around zero during the process. Although slight fluctuations appear at
several instants due to path replanning and maneuver adjustments, the
errors quickly return to a small range.

With the A*-based disturbance observer, both speed and heading
profiles become markedly smoother. By estimating the disturbances in-
duced by path replanning and injecting appropriate compensation into
the control law, the observer mitigates the direct propagation of sudden
path-level changes to the control layer. Consequently, the controller
no longer triggers frequent aggressive accelerations, decelerations, or
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Table 6
Hierarchical backup statistics under different fleet sizes and environments.
N Environment Bl B2 B3 Residual Runtime
trigger (%) trigger (%) trigger (%) failure (%) increase (%)
3 Scene 1 8.6 1.8 0.4 2.2 4.1
Scene 2 15.8 4.6 1.5 4.1 5.6
5 Scene 1 12.9 3.5 0.9 7.1 5.0
Scene 2 23.4 8.7 3.2 10.8 7.2
7 Scene 1 18.7 5.9 1.8 13.9 6.3
Scene 2 31.6 13.4 5.8 23.2 9.1

Table 7

Comparison of formation quality with/without the observer in Scene 2, averaged over the 3 formation geometries.

N Success rate (%) Avg steps Avg path Velocity error (%) Yaw error (°)
No Obs. Obs. No Obs. Obs. No Obs. Obs. No Obs. Obs. No Obs. Obs.
3 9392 94.67 94.96 86.57 40.23 38.13  4.57 4.43 0.276 0.264
5 86.63 87.53 137.81 123.93 44.63 42.23 5.36 5.10 0.365 0.342
7 73.16 74.37 161.87 144.40 48.01 44.90 6.49 6.07 0.398 0.381
w2 Table 8
g s usvi Comparison of speed and heading fluctuation metrics with and without the
g 0 disturbance observer in Scene 2 (3 USVs).
§ -1+ Metric type  Indicator Value Improvement
% 2 L L L L L L L With observer  Without observer (%)
0 10 20 30 40 50 60 70 80
Steps Soeed RMS,, 0.10295 0.13776 25.26
o F P o(residual,)  0.08102 0.11277 28.16
!c:> 1 —UsVv2
b} B . RMS,, 11.25149 13.23705 16.31
E 7(1) B lv vJLTJ‘J-Lv A — Heading ofresidual,)  8.19108 9.98912 17.42
£
% -2 E 1 1 1 1 1 1 1
0 10 20 300 40 50 60 70 80
eps . . .
o 3 deviation o(residual,) are reduced by approximately 16% and 17%,
o
5 2 —Usv3 confirming that the observer also alleviates heading fluctuations.
2 (1) B JL LA A A 1 N Although the improvement in heading-related metrics is somewhat
£ yv v v vy v ) .
§ -1+ v smaller than that for speed, the overall trend is consistent. These results
g i§ i | | | | L L L verify that the proposed observer contributes significantly to enhancing
0 10 20 30 S?e?js 50 60 70 80 the dynamic smoothness of the system in complex environments.

Fig. 15. Estimation errors of the remaining-time of 3 USVs in Scene 2.

abrupt heading corrections during synchronization, leading to a more
continuous and stable dynamic response of the overall system.

To quantitatively evaluate fluctuations in speed and heading during
formation, two metrics are adopted: the root-mean-square (RMS) of the
incremental changes and the standard deviation of the residual signal.

The RMS of the incremental variation captures the overall magni-
tude of step-to-step state changes:

T-1
RMS,, = \| = T 0te+ =50’ 70)
where y(k) denotes the speed v(k) or heading angle y (k) at time step k,
and T is the total number of steps.

To further characterize high-frequency oscillations, the residual sig-
nal is obtained by removing the low-frequency trend (using a moving-
average filter). Its standard deviation is defined as:

o(residual) = (k) - 5(0))’ 1)
where j(k) is the smoothed trend of the original signal y(k).

As shown in Table 8, after introducing the disturbance observer, the
RMS of speed increments (RMS,,) and the residual standard deviation
o(residual,) decrease by about 25% and 28%, respectively, indicating ef-
fective suppression of high-frequency speed oscillations. Similarly, the
RMS of heading-angle increments (RMS,,) and the residual standard
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4.4.3. Control-input analysis

To examine local control variations around replanning instants more
directly, a branch-comparison analysis was conducted, as shown in Fig.
17. At each replanning instant, two post-event branches were initialized
from the same system state: With replanning, which retains the online
replanning mechanism, and No replanning, which discards the current
replanning update while the sliding-mode controller continues along
the previous reference. Control inputs were then compared over the
interval until the next original replanning instant. Three quantitative
metrics were further computed: the peak command increment Au")

max?
the input-rate peaks i) , and the total variation TV,.

) — _
Au) n,rﬂ?)e(l, luln + 1] — u[n]| (72)
i = max |uln+2]—2uln+ 1]+ uln]| (73)
max nn+2€l,
TV, = Z Z [uln + 11— u[n]| (74)
reR nel,

Here, I, is the rth replanning interval, R is the set of all replanning
intervals, u[n] is the surge control input at step n.

As shown in Table 9, the With replanning branch yields consistently
larger values across all metrics; notably, TV, rises from 1.0867 to
4.2826. Discarding the replanning update still allows closed-loop SMC
regulation, yet local variations become markedly smaller. Thus, the
observed oscillations stem chiefly from replanning-triggered reference
updates, not residual SMC switching.



W. Zhong et al.

Table 9
Branch-comparison for the surge control input of USV1.
Case Intervals Max (du,,) Max (it,,) TV,
Replanning 33 0.2962 0.2506 4.2826
No replanning 33 0.0965 0.0834 1.0867
5
5
.5 10 —USV1
£
g 7]0 -
H L L L L L L L
s 0 10 20 30 40 50 60 70 80
Steps
5
5
o 101 —UsV2
S
£ 0 “H”HWJHFWVMWL“W%
8 710 -
z L L L L L L L
- 0 10 20 30 40 50 60 70 80
Steps
5
g
°=’ 10 —USV3
=}
.§ 0 | AA Jv LAWLA:W ‘WAY"VA_’AVJVALV
d‘g _10 -
z L L L L L L L
- 0 10 20 30 40 50 60 70 80
Steps
Fig. 16. Estimation errors of the yaw of 3 USVs in Scene 2.
With_replan
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Fig. 17. Local branch-comparison of surge control inputs around replanning
instants for USV1 in Scene 2.

Since actuator saturation, rate limits, and detailed actuator dynam-
ics are highly specific to a given USV platform and are not explicitly
incorporated in the present model, the reported results characterize lo-
cal input variations at the control-layer level only and do not constitute
a strict hardware-safety guarantee.

4.5. Effect of the realistic factors

To further evaluate the robustness of the proposed method under
more realistic ocean conditions, a time-varying ocean disturbance is
introduced in Scenario 2. The ocean disturbance is incorporated as an
additional velocity term in the planar motion equations, expressed as

X =vcosy + Asin(wt), y=vsiny + A cos(wt) (75)

where A and w denote the amplitude and variation frequency of the
ocean disturbance, respectively.

To evaluate its performance under ocean disturbances, we repeated
the simulations and summarized the results in Table 10. The data show
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Table 10
Formation performance of the proposed method with/without ocean currents
in Scene 2.

N Metric No current Time-varying Change
current

Success rate 94.67% 93.72% —0.95%
Avg steps 86.57 92.61 +6.04

3 Avg path 38.13 39.46 +1.33
Velocity error 4.43% 4.68% +0.25%
Yaw error 0.264° 0.286° +0.022°
Success rate 87.53% 85.96% -1.57%
Avg steps 123.93 132.84 +8.91

5 Avg path 42.23 43.95 +1.72
Velocity error 5.10% 5.46% +0.36%
Yaw error 0.342° 0.371° +0.029°
Success rate 74.37% 71.58% -2.79%
Avg steps 144.40 156.27 +11.87

7 Avg path 44.90 46.88 +1.98
Velocity error 6.07% 6.42% +0.35%
Yaw error 0.381° 0.428° +0.047°

Table 11
Formation performance of the proposed method with different communication
constraints in Scene 2.

N Metric Ideal Communication Degradation
communication constraints
Success rate 94.7% 92.4% -2.3%
Avg steps 86.6 96.8 +10.2
3 Avg path 38.13 40.14 +2.01
Velocity error 4.43% 5.12% +0.69%
Yaw error 0.26° 0.32° +0.06°
Success rate 87.5% 83.9% -3.6%
Avg steps 123.9 139.5 +15.6
5 Avg path 42.23 45.47 +3.24
Velocity error 5.10% 6.08% +0.98%
Yaw error 0.34° 0.43° +0.09°
Success rate 74.4% 69.2% -5.2%
Avg steps 144.4 166.7 +22.3
7 Avg path 44.90 49.36 +4.46
Velocity error 6.07% 7.26% +1.19%
Yaw error 0.38° 0.49° +0.11°

only a marginal decline in success rates (0.95%-2.79%), with moderate
increases in average steps, path length, and velocity/yaw errors. These
findings indicate that the method remains effective under the tested
ocean-disturbance setting, with only moderate performance degrada-
tion. Although the impact scales with fleet size — larger formations
exhibit greater performance degradation — the framework continues
to complete the formation task across the tested simulation cases.

Beyond the idealized communication assumption, an empirical
stress test under communication constraints is included in Scenario 2,
injecting random delays of 1-3 control steps and occasional information
unavailability into inter-USV data sharing. Simulation results under
communication constraints are summarized in Table 11.

Compared to the ideal communication case, the success rate de-
creases slightly, while average steps, path length, and velocity/yaw
errors increase to some extent. Notably, this performance degradation
becomes more pronounced with larger fleets: success rates drop by
2.3% for N = 3 and by 5.2% for N = 7, accompanied by substantially
greater increases in steps, path length, and control errors. Despite these
challenges, the overall degradation remains bounded, and the system
stably accomplishes the formation task across all tested scenarios.
These results suggest that the proposed method retains acceptable
performance under the tested communication-constrained conditions,
though the impact scales with fleet size—highlighting an important
consideration for large-scale deployments.
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5. Conclusion

The proposed framework enables efficient and synchronized forma-
tion assembly for multi-USV systems. The sliding-mode controller and
disturbance observer are theoretically proven to be convergent and
stable under the stated assumptions, and simulations across various
scenarios confirm the effectiveness and strong numerical performance
of the overall framework.

Compared to benchmark methods under identical conditions, the
proposed approach achieves significantly higher success rates (ranging
from 75.3% to 97.8%) while requiring remarkably fewer formation
steps (71.5-149.7). It maintains terminal velocity errors within 6% and
heading errors below 0.5°. Notably, the elliptical trust region accel-
erates optimization-layer convergence, and the integrated disturbance
observer reduces speed and heading fluctuations by 16%-28%, thereby
improving dynamic smoothness in the tested simulation scenarios.

The proposed framework assumes ideal communication and suffi-
cient environmental knowledge — both often impractical in marine
settings — and lacks actuator dynamics or detailed hydrodynamic
modeling (only simple amplitude/rate limits were enforced). Future
work should pursue decentralized coordination, environmental model
integration, and realistic propulsion/rudder models with parameter
uncertainties to validate the framework under real-world conditions.
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