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Abstract— Thruster failures in unmanned surface vehicles
(USVs) can critically compromise mission completion, partic-
ularly when severe degradation eliminates controllability in
essential degrees of freedom. While traditional fault-tolerant
control treats environmental disturbances as impediments to
be rejected, this paper presents a novel approach: strategically
exploiting wind and wave forces as virtual actuators for
emergency harbor return. The proposed environment-assisted
model predictive control (EAMPC) framework adaptively mod-
ulates environmental force utilization factors based on fault
severity and the environmental force prediction confidence,
transforming natural disturbances into environmental assis-
tance. The hierarchical architecture integrates state estima-
tion and prediction with physics-informed learning for short-
term environmental forces, and reachability-based trajectory
planning that exploits environmental forces to expand feasi-
ble zones. Theoretical analysis establishes practical input-to-
state stability with explicit bounds quantifying degradation.
Extensive validation across 320 trials demonstrates 91.25%
mission success under 95% thruster degradation compared
to 0% for baseline methods. This work demonstrates that
strategic environmental exploitation fundamentally transforms
fault recovery capabilities in marine robotics.

I. INTRODUCTION

Unmanned surface vehicles (USVs) operating in maritime

environments face a fundamental challenge: thruster failures

can render them uncontrollable, leading to mission abort,

asset loss, or collision hazards. Conventional fault-tolerant

control methods for marine robots primarily rely on re-

distributing control effort among remaining actuators while

rejecting environmental disturbances as adversarial effects

[1], [2]. These approaches prove effective when vehicles

possess redundant actuation or experience only moderate

degradation. However, twin-thruster USVs, common in com-

mercial and research applications, already operate with min-

imal control authority, unable to generate independent forces

in all degrees of freedom. When severe thruster degradation

occurs, these USVs lack sufficient actuation to maintain even

basic controllability, resulting in mission failure.

This paper presents a paradigm shift: instead of rejecting

environmental forces while struggling with insufficient actu-

ation, the proposed approach strategically exploits wind and

wave forces as virtual actuators to restore control authority.

By transforming disturbances from adversaries into allies,
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Fig. 1: Trajectories under 95% left thruster degradation: base-

line MPC fails and drifts (red), while EAMPC successfully

exploits environmental forces to reach the harbor (blue).

the system maintains operational capability despite severe

actuator degradation.

Consider a twin-thruster USV operating in open water

when the left thruster suffers 95% degradation due to fouling

or mechanical failure. As illustrated in Figure 1, this actuator

loss creates a critical under-actuation scenario where baseline

model predictive control (MPC) cannot maintain control

authority with the remaining thrust capacity. Following fault

detection, the USV must execute an emergency return to the

nearest harbor zone. The red trajectory shows the baseline

controller’s failure as unable to compensate for the asym-

metric thrust, the USV drifts away from the harbor, resulting

in mission abort. However, the environmental forces present

in the operating area represent untapped control authority.

The proposed environment-assisted MPC (EAMPC) frame-

work strategically harnesses these wind and wave forces,

transforming them from disturbances into virtual actuators.

By adaptively modulating the utilization of environmental

forces through the reconfigured control allocation, EAMPC

maintains trajectory tracking and successfully guides the

USV to harbor zone without collision with dock areas.

Despite the clear potential for the exploitation poten-
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tial illustrated above, existing approaches to environmental

forces in marine robotics haven’t explored this strategy. En-

vironmental forces in marine robots have traditionally been

addressed through two distinct strategies, neither of which

considers them as replacement actuators. The dominant ap-

proach treats wind and wave forces as disturbances requiring

rejection. Recent advances in adaptive neural coordinated

control [3] and sliding mode techniques [4] demonstrate

sophisticated methods to eliminate environmental pertur-

bations, achieving precise tracking ability. However, these

rejection-based strategies inherently assume sufficient control

authority exists to counteract disturbances—an assumption

that fails catastrophically when severe actuator degrada-

tion occurs. A second, emerging strategy seeks to exploit

environmental forces for improved efficiency rather than

control authority. Energy-aware path planning methods [5]

and ocean current-assisted navigation strategies [6] leverage

environmental dynamics to reduce fuel consumption and

extend operational range. Yet these approaches optimize

trajectories while still requiring fully functional actuators for

control execution, offering no recourse when actuators fail.

This critical gap, specifically the absence of methods that

transform environmental forces into replacement actuators,

motivates the proposed virtual actuator framework.

Unlike ground vehicles constrained by discrete friction

or aerial vehicles facing rapid turbulence, USVs interact

with wind and wave fields exhibiting sufficient temporal

correlation for control exploitation. Modern USVs already

estimate these forces through learning-based methods [7],

[8], making the challenge not perfect prediction but robust

utilization of available environmental authority.

This paper makes four key contributions toward hierarchi-

cal environment-assisted control framework: (i) formalization

of virtual actuators through augmented control authority,

proving that partial environmental utilization restores rank-

deficient control matrices; (ii) environment-assisted MPC

with confidence-aware utilization factors that scale with fault

severity and prediction reliability, coupled with reachability-

based planning that exploits environmental forces to ex-

pand feasible zones; (iii) practical input-to-state stability

(ISS) guarantees with explicit bounds quantifying perfor-

mance degradation under faults; and (iv) extensive validation

demonstrating 91.25% mission success under 95% thruster

degradation where conventional methods completely fail,

while maintaining 20 Hz real-time execution.

This work enables autonomous USVs to operate beyond

traditional safety margins in remote areas where recovery

is impossible [9], [10], transforming environmental forces

from threats into backup control mechanisms, fundamentally

expanding the operational envelope of marine autonomy.

II. PROBLEM FORMULATION

When a twin-thruster USV experiences severe actuator

degradation, traditional fault-tolerant control methods fail

due to insufficient control authority for trajectory tracking.

However, the same environmental forces that challenge nav-

igation, like wind and waves, can potentially be exploited as

virtual actuation sources. This section formulates the con-

trol problem that transforms these disturbances into virtual

actuators.

A. System Model and Fault Characterization

A medium-sized USV equipped with differential thrusters

is considered, typical of vessels used for harbor surveillance

and inspection tasks. Following Fossen’s model of marine

craft [11], the 3-DOF dynamics of the USV in the horizontal

plane are:

η̇ηη = R(ψ)ννν
Mν̇νν +C(ννν)ννν +D(ννν)ννν = τττu +w

(1)

where ηηη = [x,y,ψ]T is the pose in earth-fixed frame, ννν =
[u,v,r]T denotes body-fixed velocities, and R(ψ) is the

transformation matrix. The complete state vector is x =
[ηηηT ,νννT ]T ∈ R

6. The system matrices are: M ∈ R
3×3 rep-

resenting the system inertia matrix including added mass,

C(ννν) ∈ R
3×3 capturing Coriolis and centripetal forces, and

D(ννν) ∈ R
3×3 modeling hydrodynamic damping, and w =

[wx,wy,wψ ]
T representing the body-fixed bounded environ-

mental forces acting on the USV. The control inputs pro-

duced by thrusters are:

τττu = BHu, B =

⎡
⎣ 1 1

0 0

−l/2 l/2

⎤
⎦ (2)

where u = [T1,T2]
T are thruster commands (port and star-

board respectively), H = diag(h1,h2) with hi ∈ [0,1] for

i ∈ {1,2} represents health status, and l is the thruster

separation distance. The matrix B reflects the differential

thruster configuration: both thrusters contribute to forward

thrust (first row), neither provides direct lateral force (second

row), and they create opposing yaw moments (third row) with

moment arm l/2.

Assumption 1. Thruster faults are abrupt and permanent:

hi(t)= h0
i for t < t f and hi(t)= h f

i ∈ [0,h0
i ] for t ≥ t f , where t f

denotes fault occurrence time. Environmental forces satisfy

‖w‖ ≤ wmax.

B. Controllability Analysis Under Faults

Lemma 1 (Post-Fault Controllability Loss). For single
thruster failure (e.g., h1 = 0), the system loses controllability
with rank(BH) = 1 < 2. Specifically:

• No lateral (sway) control: τy = 0 always
• Coupled surge-yaw: τx = T2, τψ = l

2 T2 are locked in
fixed ratio

• Lost direction: Cannot generate clockwise moments

C. Virtual Actuator Framework

To recover controllability, partial environmental forces are

introduced as virtual actuators:

Definition 1 (Augmented Control Authority). The effective
control with environmental assistance is:

τττeff = BHu+diag(ααα)w (3)
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Fig. 2: Hierarchical environment-assisted control architec-

ture. The Virtual Actuator Allocation module (blue dashed

box) enables hybrid actuation through adaptive environmen-

tal force utilization based on fault severity.

where ααα = [αx,αy,αψ ]
T ∈ [0,1]3 serves as the controllable

utilization factor. While the environmental forces w remain
uncontrollable exogenous variables, ααα represents the ac-
tive decision variable within the control allocation that
determines the proportion of available environmental force
admitted into the system’s effective control authority.

The control problem becomes:

min
u

J =
∫ Tf

0

[
‖ηηη −ηηη ref‖2

Q +‖u‖2
R(H) +λ (H)‖ααα‖2

]
dt

(4)

s.t. Dynamics (1), x ∈ X , u ∈ U (5)

where Q = diag(qx,qy,qψ) weights position and heading

tracking, R(H) = R0 + γdiag(1− h1,1− h2) adapts control

penalty based on thruster health to discourage over-reliance

on degraded actuators, λ (H) = λ0 · h1+h2
2 penalizes environ-

mental reliance proportional to fault severity, U = {u : 0 ≤
ui ≤ umax, i ∈ {1,2}} represents thrust constraints, and X
denotes system state constraints. The utilization factors ααα
are determined by an adaptive policy (detailed in Section III)

that ensures environmental forces augment control authority

in the null space of BH.

III. HIERARCHICAL CONTROL ARCHITECTURE

The proposed architecture transforms environmental forces

from disturbances to actuators through three key mecha-

nisms: estimating current forces, predicting future forces, and

optimally blending them with remaining thrust. It operates

across three hierarchical layers as illustrated in Figure 2.

The fault diagnosis algorithm is established based on [12].

Algorithm 1 Hierarchical Control Framework

1: Input: Initial state x0, goal position xgoal

2: Output: Control commands u(t)
3: while mission not complete do
4: /* Monitor System Health (Event-triggered) */
5: Detect thruster status H = diag(h1,h2)
6: if fault detected then
7: Enable environmental assistance: ααα > 0

8: Set replan flag ← true

9: end if
10: /* Estimate Environmental Forces (100 Hz) */
11: Update state and force estimates: [x̂, ŵ]← EKF

12: Learn force patterns: ΘΘΘ ← RLS(ŵ)
13: Predict future forces: {ŵk}N

k=1 ← ΘΘΘT φ̄φφ
14: /* Mission Planning (2 Hz) */
15: if replan flag or ‖x−xref‖> dthresh then
16: Select safe harbor zone: z∗ ←

evaluateZones(x̂, ŵ,H)
17: Generate trajectory: xref ← planPath(x,z∗, ŵ)
18: end if
19: /* Environment-Assisted Control (20 Hz) */
20: Compute utilization: ααα ← f (H,σΘ) via Eq. (8)

21: Solve MPC with hybrid actuation:

22: u∗ ← argminJ s.t. τττ = BHu+diag(ααα)ŵ
23: Apply control: u(t) = u∗

0

24: end while
25: return Mission success

Upon fault detection, the system transitions from conven-

tional thruster-based control to hybrid actuation mode, where

environmental forces supplement degraded thrust capacity.

The framework comprises: (i) a disturbance observer using

Extended Kalman Filter (EKF) for real-time environmental

force estimation, with a data-driven predictor that learns

force patterns for multi-step predictions, (ii) the proposed

EAMPC that modulates environmental force utilization based

on fault severity and prediction confidence, and (iii) a high-

levels planner that generates feasible trajectories considering

reduced control authority. The Virtual Actuator Allocation

module synthesizes hybrid actuation by combining degraded

thruster forces with environmental assistance. Prediction

confidence and fault severity determine the utilization factors

ααα , while environmental forces over the prediction horizon are

incorporated directly into the MPC model.

Algorithm 1 presents the overall control flow, showing

the interaction between fault monitoring, state estimation,

planning, and control layers.

A. Environment-Assisted MPC

1) Disturbance Observer: An Extended Kalman Filter es-

timates the augmented state xa = [ηηηT ,νννT ,wT ]T with process

model:

ẋa =

⎡
⎣ R(ψ)ννν

M−1(τττu +w−Cννν −Dννν)
0

⎤
⎦+

⎡
⎣ 0

0
ξξξ w

⎤
⎦ ,ξξξ w ∼ N (0,Qw)

(6)
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where disturbances evolve as a random walk with tunable

covariance Qw.

2) Data-Driven Environmental Prediction: To enable pre-

dictive control, a recursive least squares (RLS) is employed

with physics-informed features. The parameter matrix ΘΘΘ(t)∈
R

7×3 maps normalized features to forces:

ŵ(t + τ) = ΘΘΘT (t)φ̄φφ(t,τ) (7)

where ŵ(t + τ) ∈ R
3 represents the predicted environmental

forces at time t + τ , and the feature vector φ̄φφ(t,τ) ∈ R
7

contains normalized physics-informed features: mean force

magnitude ‖w‖avg, dominant frequency fdom from spec-

tral analysis, force variance σ2
w, temporal evolution rates

ẇx, ẇy, ẇψ capturing directional force dynamics, and phase

predictor cos(2π fdomτ + ϕ̂) for oscillatory patterns.

The RLS update with forgetting factor λ ∈ [0.95,1) fol-

lows standard formulation with covariance P∈R
7×7 and gain

K ∈ R
7×1.

Assumption 2 (Natural Excitation). Environmental forces

exhibit sufficient richness: λmin(ET [φ̄φφ φ̄φφ T
]) ≥ β > 0 over

window T ≥ 20s, with β ≥ 0.05 for Sea States 2-5. This

ensures environmental forces contain enough variation for

reliable parameter learning without requiring artificial exci-

tation signals.

Remark 1. This assumption holds naturally in marine en-

vironments due to wave periodicity and wind gusts. The

threshold β = 0.05 corresponds to environmental variations

of at least 10% of mean values, easily satisfied except in

glassy calm conditions.

3) Confidence-Aware Assistance Policy: The key inno-

vation is adaptive modulation of environmental utilization

based on fault severity and prediction confidence. The assis-

tance factor determines how much predicted environmental

force is incorporated into the control strategy, and balances

two competing objectives: exploiting environmental forces

for control (higher α) versus robustness to prediction errors

(lower α):

α(t) =

{
min

{
1, κ

σΘ(t)+ε

}
·μ(H) if fault detected

0 otherwise
(8)

where α ∈ [0,1] is the environmental utilization factor, κ =
1.5 is a tuning parameter, ε = 0.01 prevents numerical insta-

bility, and σΘ(t) = ‖P(t)‖F aggregates uncertainty across all

parameter estimates, providing a scalar confidence metric.

The fault severity function μ(H) maps thruster health to

required assistance level:

μ(H) =

⎧⎪⎨
⎪⎩

0 if h1 +h2 > 1.8

1− h1+h2
2 if 0.4 ≤ h1 +h2 ≤ 1.8

1 if h1 +h2 < 0.4

(9)

where thresholds correspond to operational modes: normal

operation (combined health > 90%), degraded operation

(20%-90%), and critical failure (< 20% capacity). This

formulation ensures: (i) no environmental assistance for

minor degradation where thrusters remain sufficient, (ii)

progressive assistance as faults worsen, and (iii) maximum

environmental exploitation under critical failures. As predic-

tion confidence increases (σΘ decreases), the system more

aggressively utilizes environmental forces, while maintaining

robustness through the saturation bound. This policy enables

smooth transition from traditional thrust-based control to

environment-assisted operation as actuator health degrades.
4) MPC Formulation with Guaranteed Feasibility: The

MPC with horizon N solves:

min
U

N−1

∑
k=0

�(xk,uk)+Vf (xN) (10a)

s.t. xk+1 = fd(xk,τττk) (10b)

τττk = BHuk +αkŵk (10c)

uk ∈ [0,umax]
2, xk ∈ X (10d)

xN ∈ X f (10e)

where U = {u0,u1, . . . ,uN−1} denotes the control sequence,

�(xk,uk) = ‖xk −xref,k‖2
Q+‖uk‖2

R(H) is the stage cost, and fd
represents the discretized dynamics. The terminal set X f is

the maximal robust control invariant set with terminal cost

Vf (x) = ‖x − xref,N‖2
P f

, where P f solves the discrete-time

algebraic Riccati equation.

Lemma 2 (Recursive Feasibility). If (10) is feasible at time
t and ‖ŵk −wk‖ ≤ δw for all k, then it remains feasible at
t+1 with candidate solution Ũt+1 = {u∗

1, . . . ,u
∗
N−1,κ f (x∗N)},

where κ f : X f → U is the terminal controller associated
with X f .

B. Reachability-Based Planning
While the EAMPC ensures local trajectory tracking, safe

mission completion requires high-level planning that ac-

counts for reduced control authority. This section presents

a hierarchical planning framework that generates feasible

reference trajectories by exploiting environmental forces to

expand the reachable set.
1) Impact of Thruster Failure on Reachability: Single

thruster failure fundamentally alters the USV’s motion capa-

bilities. Consider a starboard thruster failure, the USV loses

symmetric control authority. The remaining port thruster

generates coupled forward thrust and counter-clockwise yaw

moment (Mz = −�T1/2), making straight-line motion im-

possible without environmental assistance. The USV has no

lateral control and cannot produce clockwise rotation.
The time-varying reachable set under environmental assis-

tance is:

Rt(x0,H) = {x f : ∃u(·),α(·) s.t. x(t) = x f ,x(0) = x0} (11)

where evolution follows dynamics (1) with u ∈ U and

x f denotes final state. The reachable set is constrained by

both remaining control authority and available environmental

assistance, creating asymmetric reachability regions favoring

directions aligned with environmental forces. For example,

with only port thruster available (h2 = 0), the USV can only

reach points in the port-forward quadrant without assistance.

However, with tailwind assistance (αxwx > 0), previously

unreachable straight-ahead positions become feasible.
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2) Adaptive Zone Selection Strategy: The planner main-

tains safe harbor zones Z = {z1,z2, . . . ,zm} and solves:

z∗ = argmin
z∈Z

Jplan(z) (12)

subject to collision-free path constraints and

xz ∈ RTmax(x0,H), where xz denotes the target zone

position.
The cost function Jplan balances three factors: normalized

distance to zone, environmental force alignment, and zone

commitment stability. The environmental alignment quanti-

fies how predicted forces assist motion toward each zone

through the dot product between force and desired direction

vectors. To prevent oscillatory switching, the hysteresis-

based commitment mechanism is implemented that increases

selection persistence as distance decreases. Figure 3 shows

the iterative replanning process for emergency harbor return

under severe (95%) left thruster failure.

Fig. 3: Evolution of reachability-based trajectory planning.

Red paths show replanned trajectories as the system refines

environmental force predictions, while the final blue trajec-

tory demonstrates successful harbor return through reacha-

bility enhanced by beneficial environmental forces.

3) Trajectory Generation and MPC Interface: Once a

target zone is selected, the planner generates energy-optimal

reference trajectories:

x∗ref = argmin
x(·)

∫ Th

0
‖u‖2

R(H)dt (13)

subject to dynamics, collision avoidance, and terminal con-

straints x(Th) = xz, where Th is the planning horizon.
This formulation naturally produces trajectories leveraging

environmental assistance while minimizing thruster effort.

The planning-MPC interface ensures stability through:

• Feasibility margins: Reference waypoints maintain

minimum distance δ from all constraint boundaries

• Event-triggered replanning: Updates occur only when

environmental changes exceed the threshold σw or track-

ing errors exceed εtrack

• Continuity constraints: Smooth transitions limit refer-

ence discontinuities to ‖Δxref‖ ≤ ρcont

IV. STABILITY ANALYSIS

The practical ISS property guarantees that tracking errors

remain bounded despite permanent actuator faults and en-

vironmental prediction errors. Unlike asymptotic stability,

practical ISS accepts a small steady-state error dult in ex-

change for robustness to model uncertainty.

A. Main Result

Theorem 1 (Practical Input-to-State Stability). Under As-
sumption 2, the tracking error e = x−xref is practically ISS
with respect to estimation error ew = w− ŵ:

‖e(k)‖ ≤ βe(‖e(0)‖,k)+ γe

(
sup
j≤k

‖ew( j)‖
)
+dult (14)

where βe ∈ K L , γe ∈ K , and the ultimate bound:

dult =

√
2tr(Qw)

λmin(Q)(1−λ )β
+

Lwwmax

λmin(Q)
·μ(H) (15)

with Lw the Lipschitz constant of environmental forces, λ the
RLS forgetting factor, β the excitation level from Assump-
tion 2, and degradation factor μ(H) = (3− rank(BH))/3 ∈
[0,1] quantifying controllability loss.

Remark 2 (Physical Interpretation). The ultimate bound

consists of two terms: the first captures uncertainty from

environmental force variations (Qw), while the second, scaled

by μ(H), represents error due to lost control directions. For

healthy thrusters (μ = 1/3), the bound is minimal; for single

failure (μ = 2/3), it doubles; for complete failure (μ = 1),

the bound reaches its maximum.

Proof Sketch. Construct composite Lyapunov function:

V (k) =V ∗(e(k))+ γtr(Θ̃ΘΘT P−1Θ̃ΘΘ) (16)

where Θ̃ΘΘ = ΘΘΘ − ΘΘΘ∗ is the parameter estimation error and

γ = L2
w/(λβλmin(Q)).

The proof combines two stability arguments: V ∗ ensures

MPC tracking stability, while the second term bounds pa-

rameter estimation error. By recursive feasibility (Lemma 2)

and optimality:

V ∗(k+1)−V ∗(k)≤−λmin(Q)‖e(k)‖2 +Lw‖ew(k)‖ (17)

Under Assumption 2, the parameter error satisfies:

E[‖Θ̃ΘΘ(k+1)‖2
P]≤ (1−λβ )‖Θ̃ΘΘ(k)‖2

P +
tr(Qw)

1−λ
(18)

where ‖ · ‖2
P = (·)T P−1(·). The degradation factor μ(H)

captures uncontrollable directions due to faults. Combining

these yields the stated ISS property.
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B. Convergence and Robustness

Corollary 1 (Parameter Convergence). The RLS estimation
error converges exponentially:

limsup
k→∞

E[‖Θ̃ΘΘ(k)‖2
F ]≤

tr(Qw)

(1−λ )β
(19)

Corollary 2 (Detection Delay Tolerance). The system re-
mains stable if detection delay τd < τ̄d, where:

τ̄d = inf{t : Rt(x0)∩∂Xsafe �= /0} (20)

is the time until the degraded reachable set intersects safety
boundaries.

V. EXPERIMENTAL VALIDATION

The proposed environment-assisted control framework

is validated through extensive simulations in the Virtual

RobotX (VRX) maritime environment [13].

A. Experimental Setup

Experiments are conducted using the VRX simulator in

Gazebo with the WAM-V USV model. The simulator in-

corporates realistic hydrodynamic forces, thruster dynamics,

and environmental disturbances based on the Gazebo physics

engine. To comprehensively evaluate the proposed method

under varying operational scenarios, multiple experiments

are performed across a range of sea states and directional

configurations.

1) Environmental Conditions: Experiments are conducted

across Sea States 2-5 as Table I. These conditions span the

operational envelope from routine operations (Sea State 2-3)

to challenging scenarios (Sea State 4-5).

TABLE I: Environmental Test Conditions

Sea State Wind (m/s) Wave Height (m) Period (s) Condition

2 (Smooth) 3-4 0.2-0.4 3-4 Routine
3 (Slight) 5-7 0.5-0.8 4-5 Routine
4 (Moderate) 8-10 0.9-1.3 5-6 Challenging
5 (Rough) 11-13 1.4-2.0 6-7 Emergency

Performance across varying environmental alignments was

assessed through multiple directional configurations. The

beneficial configuration aligns environmental forces with

harbor approach: wind from 160°–200° generates northward

assistance, while waves from 150°–190° create constructive

yaw moments through force misalignment. The nominal
configuration represents challenging operational conditions:

quartering seas with wind from 110°–145° and waves from

95°–120° producing strong lateral forces.

2) Fault Scenarios: Permanent thruster faults are injected

at t = 15 s during mission execution across three severity lev-

els: moderate degradation (50%, hi = 0.5) maintains partial

controllability, severe degradation (75%, hi = 0.25) causes

significant control authority loss, and critical degradation
(95%, hi = 0.05) represents near-complete actuator failure.

Each configuration undergoes testing with multiple random

seeds for environmental variability. Mission success requires

reaching within 0.5 m of any harbor zone within 180 s post-

fault while avoiding collision with dock areas.

3) Implementation Details: Both the baseline MPC and

proposed EAMPC employ identical configurations to ensure

fair comparison: hierarchical control at 2 Hz (planning),

20 Hz (MPC), and 100 Hz (state estimation). The MPC uses

horizon N = 60 with sampling time Ts = 0.05 s, solved via

ACADOS [14]. The sole difference lies in the environmental

force utilization: baseline MPC treats w as disturbances

to reject, while EAMPC incorporates them as virtual ac-

tuators. Both controllers use identical cost weights Q =
diag(80,10,150,5,5,5) and R = diag(0.001,0.001) prior to

fault-adaptive adjustment.

B. Results and Discussion

Analysis of 320 trials (240 across 50%–95% degradation,

80 edge cases with complete failure) in Sea States 2–5

reveals how environmental forces fundamentally transform

from control challenges into actuation as thruster capacity

diminishes. Across all trials, the minimum eigenvalue of the

feature correlation matrix ET [φ̄φφ φ̄φφ T
] remained above 0.08,

confirming that Assumption 2 holds in practice for Sea

States 2-5. The proposed EAMPC and conventional MPC

baseline underwent testing under equivalent harbor return

scenarios, with computational performance averaging 12.3

ms per optimization cycle, satisfying real-time constraints for

20 Hz control execution. The following analysis examines

system performance through comparative control results,

quantitative performance metrics across fault severities, and

operational envelope characterization.

1) Comparative Performance Under Fault Conditions:
Figure 4 demonstrates the fundamental advantage of

environment-assisted control across two critical fault sce-

narios. Under moderate degradation (50%, top row), both

methods successfully reach the harbor, but the proposed

approach achieves 52% faster recovery (27.5s vs 57.3s)

through strategic environmental force utilization, maintaining

around 32% average environmental contribution post-fault.

The stark contrast emerges under severe degradation (95%,

bottom row): while baseline MPC experiences critical failure

with uncontrolled drift, the proposed EAMPC maintains

trajectory tracking by leveraging 65% environmental con-

tribution, effectively transforming disturbances into primary

actuation.

The control authority transition follows a clear pattern

across degradation levels. At 50% degradation, the system

operates in hybrid mode with thrusters providing primary

control while environmental forces assist in correction.

Comparatively, at 95% degradation, the relationship inverts

completely: environmental forces become primary actuators

while the minimal remaining thruster authority serves only

to maintain differential balance for steering. This progres-

sive transition from disturbance rejection to disturbance

exploitation represents the core innovation enabling mission

completion under severe faults.

2) Quantitative Performance Metrics: Table II quanti-

fies performance across 240 fault scenarios. The proposed

EAMPC maintains 100% success through 75% degradation,

declining to 91.25% at 95%, while baseline MPC collapses
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Fig. 4: Performance comparison between baseline MPC and the proposed EAMPC under 50% (top) and 95% (bottom)

left thruster degradation. Fault occurs at t = 15 s. (a,d) Trajectory tracking, (b,e) Control authority distribution showing

environmental force utilization, (c,f) Distance to harbor convergence. Under severe degradation (95%), only EAMPC

maintains control through 65% environmental assistance while baseline MPC fails.

from 80% at 50% to 0% at 95%. This widening gap

demonstrates environmental assistance transitioning from

advantageous to essential as faults worsen.
Energy consumption unexpectedly decreases with fault

severity, dropping from 109±14 kJ at 50% degradation to

only 43±7 kJ at 95% degradation. At moderate faults, the

system maintains dual-thruster operation with environmen-

tal augmentation, consuming substantial energy. At severe

faults, heavy environmental reliance minimizes thruster use,

with remaining authority serving primarily for differential

balance. Path lengths correspondingly increase as the zone

selection prioritizes environmental alignment over proximity

under severe degradation.
3) Operational Envelope Analysis: Figure 5 maps the

operational envelope across fault severity and sea state

space, with an additional 80 edge cases testing complete

thruster failure (100%). The proposed EAMPC maintains

100% success rates for moderate faults (50%-75%) across all

sea conditions, demonstrating effective fault tolerance within

the normal operational envelope. However, the behavior at

extreme degradation (95%-100%) reveals a counterintuitive

phenomenon: moderate sea conditions (State 4) provide

better fault recovery than calm seas (State 2–3).
This inversion occurs because calm conditions fail to

provide sufficient environmental excitation for the control

TABLE II: Performance Metrics Across Fault Scenarios

Fault Environmental Success Time to Energy Path Length
Typea Conditions Rate Harbor (s) (kJ) (m)

EAMPC (Proposed)

L95% Beneficial 20/20 75±8 41±9 96
Nominal 17/20 90±17 43±7 96

L75% Beneficial 20/20 39±6 82±2 78
Nominal 20/20 45±8 94±8 79

L50% Beneficial 20/20 28±1 96±7 68
Nominal 20/20 30±2 109±14 70

R95% Beneficial 20/20 87±2 37±11 95
Nominal 16/20 88±6 40±16 96

R75% Beneficial 20/20 36±2 64±4 82
Nominal 20/20 37±3 66±7 83

R50% Beneficial 20/20 27±2 91±8 72
Nominal 20/20 30±1 104±11 73

Baseline MPC (No Environmental Assistance)

L/R 95% Both 0/20 Failed – –
L/R 75% Both 3/20 62±15 94±22 51
L/R 50% Both 16/20 57±12 97±18 47

a L/R denotes Left/Right thruster; percentage indicates thrust degradation
severity

algorithm to exploit. In Sea State 2, the system achieves only

15% success at 100% degradation, as weak environmental

forces cannot compensate for complete thruster loss before

the USV drifts beyond recovery. Conversely, Sea State 4 pro-

viding adequate forces for emergency return while remaining
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Fig. 5: Mission success rates of the EAMPC across varying

sea states and thruster degradation levels. The system main-

tains operational capability (indicated by the dashed contour)

under rough sea conditions with critical thruster degradation.

predictable enough for control.

This finding challenges conventional maritime wisdom

that “calmer is safer.” For the proposed environment-assisted

system, the results demonstrate that moderate, predictable

environmental force successfully enhance survivability by

providing exploitable control authority when traditional ac-

tuation fails.

VI. CONCLUSION AND FUTURE WORK

This paper presented a novel approach to environmental-

assisted control that transforms disturbances from control

challenges into exploitable actuation resources. The proposed

EAMPC framework demonstrates that wind and wave forces,

traditionally viewed as impediments, can restore control

authority when actuators fail, fundamentally expanding the

operational envelope of autonomous USVs.

The hierarchical architecture achieves this transformation

through three integrated mechanisms. First, the formaliza-

tion of virtual actuators proves that partial environmental

utilization mathematically restores rank-deficient control ma-

trices, recovering controllability in previously uncontrollable

directions. Second, the confidence-aware utilization policy

adaptively scales environmental force incorporation based

on fault severity and prediction uncertainty, ensuring robust

performance without external excitation. Third, reachability-

based planning explicitly leverages environmental assistance

to expand feasible mission zones, enabling successful harbor

return despite severe degradation.

Theoretical analysis established practical ISS with explicit

degradation bounds, guaranteeing bounded tracking error

proportional to fault severity. The framework maintains sta-

bility under realistic detection delays and converges without

artificial excitation, critical for practical deployment.

Experimental validation across 320 trials yielded com-

pelling simulation results. The system achieved 91.25% mis-

sion success under 95% thruster degradation; these are condi-

tions where conventional methods fail completely. Counterin-

tuitively, moderate to rough sea conditions provided superior

fault recovery compared to calm seas, as environmental

forces must exceed a minimum threshold to enable virtual

actuation. This finding challenges the traditional maritime

assumption that calmer conditions are inherently safer.
Future work will pursue three directions: (i) sea trials on

physical USV platforms to validate simulation results, (ii)

extension to multi-fault scenarios including sensor degrada-

tion, and (iii) integration with deep learning for long-horizon

environmental prediction.
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