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Abstract

Autonomous water quality monitoring using unmanned surface vehicles (USVs) requires
effective path planning under time-varying hydrodynamic conditions and spatially evolving
pollutant distributions. Existing approaches often rely on static environmental assumptions
or geometric shortest-path optimization, limiting their effectiveness in dynamic sensing
tasks, where both information gain and environmental uncertainty must be considered.
This paper proposes a unified information-driven quantum path planning framework for
adaptive marine monitoring. A coupled stochastic differential model is first introduced
to represent ocean currents and wind-induced drift with multi-scale temporal dynamics.
Based on this model, a dynamic information field is constructed by integrating pollutant
concentration, spatial gradients, and epistemic uncertainty to guide active sampling. The
monitoring task is formulated as a dynamic orienteering problem with energy and redun-
dancy constraints. To enable efficient optimization, the continuous planning problem is
discretized into a QUBO formulation and solved using a QAOA-based hybrid quantum-—
classical algorithm with receding-horizon replanning. This design allows the planner to
adapt online to evolving environmental states while maintaining computational tractability.
Simulation results across multiple marine scenarios demonstrate that the proposed method
provides a balanced trade-off among information gain, constraint feasibility, redundancy;,
and computational cost, achieving near-greedy sensing return with substantially fewer mis-
sion violations than greedy informative search, and outperforming classical metaheuristics
on information acquisition under the same simulated replanning budget.

Keywords: unmanned surface vehicles; water quality monitoring; stochastic differential
equations; informative path planning; dynamic orienteering problem; QUBO formulation;
quantum approximate optimization algorithm; hybrid quantum-—classical optimization

1. Introduction

Water quality monitoring in coastal and inland aquatic environments has become in-
creasingly important due to rising concerns over pollution diffusion, ecosystem degradation,
and human activity impact on marine systems [1,2]. Traditional manual sampling methods
are often labor-intensive, spatially sparse, and temporally delayed, making them unsuitable
for capturing fast-evolving pollutant dynamics. Autonomous unmanned surface vehicles
(USVs) provide a scalable alternative by enabling continuous and adaptive in situ sensing
[3]. However, real-world marine environments introduce significant challenges for USV-
based monitoring, including time-varying ocean currents, stochastic wind-driven surface
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drift, and dynamically evolving pollutant sources, all of which substantially complicate
reliable path planning and information acquisition [4,5].

Figure 1 illustrates the coupled stochastic differential field model used to generate the
dynamic marine environment.
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Figure 1. Coupled stochastic differential field model used for dynamic marine environment genera-
tion. (a) Ocean current field governed by slow-evolving latent dynamics, exhibiting coherent vortex
structures and long spatial correlation scales. (b) Wind field governed by faster stochastic dynamics
with stronger temporal variability and weaker spatial coherence. (c) Composite flow field formed by
the interaction of ocean-current and wind-induced-drift components. White arrows indicate local flow
directions and magnitudes in each panel. In panel (c), blue-shaded regions highlight ocean-current-
dominated structures, whereas purple-shaded regions highlight wind-induced drift contributions
within the composite field V = V_ + V. The resulting spatiotemporal velocity field serves as the
environmental input for pollutant transport simulation, information map evolution, and adaptive
path planning.

Existing research on USV path planning can be broadly categorized into three di-
rections. Classical graph- and sampling-based methods such as A* and RRT, as well as
population-based heuristics like particle swarm optimization, primarily focus on geometric
shortest-path or cost-minimization objectives [6-10]. These methods typically assume static
or weakly varying environments and do not explicitly incorporate environmental observ-
ability or information gain, limiting their effectiveness in sensing-oriented missions under
dynamic flow conditions. In contrast, informative path planning approaches, often built
upon Gaussian process regression and Bayesian optimization, aim to maximize information
acquisition during exploration [11-16]. While effective in static spatial fields, these meth-
ods generally neglect coupling with time-varying hydrodynamic processes, resulting in
suboptimal adaptation when pollutant distributions evolve over time [4,17]. More recently,
quantum-inspired optimization techniques, including QUBO formulations and QAOA-
based solvers, have been introduced for robotic routing problems [18-21]. However, most
existing studies remain confined to static graph structures and do not consider closed-loop
perception-planning coupling or physically consistent marine dynamics, which limits their
applicability to real-time environmental monitoring tasks.

Beyond geometric and informative planners, machine learning methods have also been
explored for marine sensing tasks. For example, biologically inspired covert underwater
acoustic communication provides an adjacent line of work on learning-based signal design
in aquatic environments [22,23]. These studies motivate broader data-driven marine au-
tonomy, but they do not formulate monitoring as a dynamic orienteering problem and do
not couple stochastic hydrodynamics with QUBO-QAQA trajectory optimization. The most
directly related methodological foundations for the present paper therefore remain infor-
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mative path planning under uncertainty [12,14] and quantum approximate optimization
for combinatorial routing [18,21].

These limitations highlight a key research gap: existing USV path planning frameworks
rarely integrate (i) physically consistent stochastic environmental modeling, (ii) uncertainty-
aware information-driven objective design, and (iii) adaptive discrete optimization under
time-varying observations within a unified framework. To address this gap, this work
develops a coupled stochastic differential model of ocean currents and wind-induced
drift to capture realistic marine dynamics, and constructs a dynamic information field
that jointly encodes pollutant concentration, spatial gradients, and epistemic uncertainty.
The monitoring task is formulated as a dynamic orienteering problem, which is subsequently
discretized into a QUBO representation and solved using a QAOA-based hybrid quantum-
classical optimization pipeline with receding-horizon replanning.

The main contributions of this paper can be summarized as follows. First, a coupled
stochastic differential marine environment model is introduced to jointly represent ocean currents
and wind-driven surface dynamics with multi-scale temporal behavior. Second, an information-
driven water quality monitoring framework is proposed by integrating concentration, gradient,
and uncertainty into a unified spatial utility representation. Third, the monitoring problem
is formulated as a dynamic orienteering optimization problem that explicitly captures energy,
time, and redundancy constraints. Fourth, a QUBO-based discrete reformulation is developed
to enable quantum-compatible encoding of trajectory planning. Fifth, a QAOA-based hybrid
optimization method with adaptive replanning is designed to support online decision making
in time-varying environments within the simulated replanning interval.

Table 1 summarizes how the proposed framework differs from static QAOA routing
and classical informative path planning along several design axes.

Table 1. Positioning of this work relative to representative prior studies. Symbols: v' = supported/present;
x = not supported/absent; N/A = not applicable.

Feature Static QAOA  Classical IPP This Work
Dynamic environment adaptation X v v
Flow-coupled energy cost in QUBO X X v
Three-component information field X X v
Receding-horizon QUBO reconstruction X N/A v
Replacement of classical optimizer by QAOA v N/A v
Dynamic obstacle handling via replanning X v v

The remainder of this paper is organized as follows: Section 2 presents the problem
formulation, Section 3 details the proposed quantum path planning framework, Section 4
describes the experimental setup and results, Section 5 discusses the findings, and Section 6
concludes the paper.

2. Problem Formulation
2.1. Coupled Stochastic Differential Field Model

To ensure physically consistent multi-scale coupling between ocean currents, wind-
driven surface drift, and environmental uncertainty, we model the marine environment
as a coupled spatiotemporal stochastic dynamical system [24-27]. Let x € ) C R? denote
spatial coordinates. The instantaneous flow field is defined as the composite vector field in
Equation (1):

V(x, t) =V (x,t) + V,(x1), (1)

where V, and V,, represent ocean current and wind-induced surface drift components,
respectively.
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The environment model is intentionally kept tractable for planning integration.
The SDE parameters (7., 7, k) are selected to yield physically plausible decorrelation
scales (about 20s for currents and 5 s for wind) consistent with coastal ocean dynamics [27],
rather than being calibrated to a specific buoy or ADCP campaign. Pollutant evolution is
restricted to advection-diffusion, without time-varying sources, shoreline reflection, or ver-
tical mixing. The Gaussian information field further assumes that second-order statistics
suffice for monitoring; event-driven heavy-tailed phenomena are left for future extensions.
These modeling choices do not alter the correctness of the planning formulation, but they
should be kept in mind when interpreting quantitative results against field deployments.

2.1.1. Latent State Dynamics

We assume that both ocean and wind dynamics are generated by finite-dimensional
latent stochastic processes evolving on the shared state space in Equation (2):

X, (), X, (1) € RY. (2)
The coupled evolution is modeled as Equation (4):

dX, = £.(X,, 1) dt + G, (X, t) AW, (3)
X, = £,(X,, b) dt + Gy (X, £) AW, + xX, dt, (4)

where W, and W, are independent Wiener processes, and x « 1 introduces weak cross-
scale coupling from ocean dynamics to wind-driven drift.

2.1.2. Velocity Field Reconstruction

The observable velocity fields are obtained via nonlinear projection operators in
Equation (5):
Vc(x/ t) = %C(XC/ x)/ Vw(x/ t) = Mw(xwl x)/ (5)

where H_ and H,, are assumed to be Lipschitz-continuous mappings from latent space to
spatial velocity fields, ensuring regularity of the induced flow.
The velocity field is defined on a bounded domain (2 with impermeable boundary
conditions in Equation (6):
Vix,t) - n=0, x&9d), (6)

which guarantees mass-conserving flow behavior at the domain boundary. To reflect
the distinct temporal and spatial characteristics of ocean and wind processes, we impose
Equation (7):

T Ty >y, (7)
where 7 and { denote temporal and spatial correlation scales, respectively. This enforces
slow-varying coherent ocean vortices and fast-varying, spatially diffuse wind dynamics.

To ensure the existence and uniqueness of strong solutions, the drift and diffusion terms
satisfy the standard linear growth and boundedness conditions in Equation (8) [26,27]:

”fi(xirt)” <a;+ b,-||X,-||, 1G: (X, DIl < ¢, (8)

for i € {c,w}. These conditions ensure the stochastic system is well-posed. The coupling
strength is further constrained such that ¥ remains sufficiently small to prevent instability
induced by cross-scale feedback.
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2.1.3. Spatial Discretization

For downstream planning and optimization, the continuous field is discretized on a
regular square occupancy grid (; C Q). An 8-connected neighborhood is used in trajectory
transitions to reduce directional bias in advection-dominated motion. The discretization is
consistent with the continuous formulation in the limit of vanishing grid spacing.

2.2. Water Quality Information Map

To guide information-driven monitoring, a dynamic water quality information map is
constructed over the mission area. The map quantifies the potential utility of acquiring new
measurements and provides a spatial representation of monitoring priority [12-14].

Let I(x, t) denote the information value associated with location x at time ¢. The infor-
mation field is defined as

I(x,t) = w.C(x,t)
+ ngVC(x, 3] (9)
+w, U(x,t)

where C(x, t) is the estimated pollutant concentration, VC(x, t) denotes the local concentra-
tion gradient, and U (x, t) is the epistemic uncertainty of the current environmental estimate.
In this work, C(x, t) is obtained from a Gaussian process (GP) posterior mean condi-
tioned on the cumulative measurements Z;, and the uncertainty term is identified with the

GP posterior variance,
Ux, t) = 02p(X,t | Z,). (10)

As new samples are collected, both C and 02, are updated by standard GP regression
with the kernel hyperparameters reported in Section 4, so that the information field in
Equation (9) remains coupled to the online perception pipeline.

The concentration term favors regions with elevated pollutant levels, whereas the
gradient term highlights transition zones associated with pollutant transport and diffusion
fronts. The uncertainty term promotes measurements in insufficiently explored areas,
thereby balancing exploitation and exploration during the monitoring process.

As the pollutant field evolves and new observations become available, the information
map is updated according to Equation (11):

L= I(It,Ct,Zt) (11)

where Z, denotes the measurements collected by the USV at time t. The resulting in-
formation field serves as the basis for information gain evaluation and subsequent path
planning optimization.

2.3. USV Kinematic Model

We model the unmanned surface vehicle (USV) as an under-actuated kinematic agent
operating in a spatiotemporally varying flow field [5,28]. Let (x(t),y(t)) € Q C R? denote
the vehicle position and ¥ (¢) denote its heading angle. The control inputs are defined as
u(t) = [v(t), w(t)]T, where v(t) is the surge velocity and w(t) is the yaw rate.

Figure 2 summarizes the flow-coupled kinematics, control bounds, and energy model
used throughout the paper.
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USV Kinematic Model Visualization (Flow Coupling + Constraints + Energy)

Flow-Coupled USV Kinematics (Scenario 2: Coupled Time-Varying Multi-Source) Control Inputs and Constraints
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Figure 2. USV kinematic model under flow coupling, control constraints, and energy-aware motion
cost. Left panel: flow-coupled trajectory visualization in Scenario 2. The background colormap
shows the flow magnitude ||V (x, )|, white arrows denote the local composite flow field, and the USV
trajectory is color-coded by instantaneous motion power P, .. () = a,0(t)? + & w(t)?. Cyan heading
arrows indicate sampled orientations ¢ (¢) along the path. The inset illustrates velocity decomposition
at a representative instant: p = v[cos ¢, sin §]” +V, explicitly showing the contribution of body-frame
surge motion and environmental advection. Top-right panel: control inputs over time, including surge
speed v(t) and yaw rate w(t); the blue dashed line marks v
Bottom-right panel: instantaneous motion energy and cumulative energy integral, demonstrating the

and the orange dashed lines mark +w

max max-*

trajectory-level cost accumulation used by the planner. This figure corresponds to Equations (14)-(16)
and (25), and shows how hydrodynamic disturbance, control feasibility, and energy modeling are
jointly integrated in the USV motion model. Decorative insets may partially overlap the colormap; the
quantitative trajectory, control, and energy panels remain fully legible and are unaffected for scientific
interpretation.

2.3.1. Flow-Coupled Kinematics

To account for environmental advection induced by ocean currents and wind-driven
drift, the vehicle dynamics are expressed as Equation (14):

X(H) = v(t) cos(t) + Vo (x,t), (12)
y&) = o) sinyg(t) + V, (x, 1), (13)
P(t) = w(t), (14)

where V(x,t) = [V,, Vy]T is the composite flow field defined in the previous section.

2.3.2. Control Constraints

The control inputs are bounded as
0<0(t) S Vo W) < Wiy, (15)

ensuring physically feasible motion and actuator limitations.

2.3.3. Energy-Aware Motion Model

To be consistent with the path optimization objective, the instantaneous motion cost is
modeled as a quadratic function of control effort:

Pmotion(t) = ‘xvv(t)Z + zxww(t)z, (16)

which is integrated over the trajectory in the global optimization framework.
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2.3.4. Coupling with Environmental Field

The flow field V(x, t) is obtained from the coupled stochastic differential field model,
ensuring that vehicle motion is directly influenced by ocean-current and wind-induced-
drift dynamics.

2.4. Monitoring Task Formulation

We formulate the water quality monitoring problem as an optimal control prob-
lem over a spatiotemporal information field defined on () C R2. Let the USV state be
pt) = (x(t),y(t)) with control inputs u(t) = [v(t), w(t)]T, and denote a feasible trajec-
tory by 7t = {p(t) };c(0,1)- The system evolves under the flow-coupled kinematic model in
Equation (17):

St = [v(t) cos P(t)
v(t) siny(t)

where V(x, t) is the composite ocean-wind velocity field.

+V(p(h), b, (17)

The monitoring objective is driven by a spatiotemporal information field I(x, t). The in-
stantaneous information acquisition rate is defined in Equation (18) as

G(t) = I(p(t), D), (18)

which directly induces the cumulative information functional

T
G(mr) = fo I(p(t), 1) dt. (19)

This establishes the monitoring objective as a path-dependent integral functional over the
trajectory space.
In parallel, the energy expenditure associated with motion and sensing is formulated as

E(r) = fOT(zxvvz(t) + a0 WA (1) + ags(H))dt, (20)

where s(t) € {0, 1} denotes sensing activation. The quadratic structure reflects standard
control-effort regularization, ensuring smooth and energy-efficient trajectories.

The system is subject to kinematic and operational constraints. The control bounds
follow Equation (15), and terminal feasibility is defined by Equation (21):

p(0)=p, pM e, T<Ty,,. (21)

Combining the above elements, the monitoring task can be expressed as the constrained
variational problem in Equation (22):

T
max J(7r) = J'O I(p(t), t) dt — BE(7r), (22)

subject to the flow-coupled dynamics and feasibility constraints.
Equivalently, substituting the definitions of G(7r) and E(7r), the problem admits the
compact form in Equation (23):

max J(t) = G(rr) — BE(m), (23)

which highlights the trade-off between information acquisition and control effort over
trajectory space.
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2.5. Energy Consumption

The energy consumption of the USV is defined as a trajectory-dependent functional
induced by both propulsion and sensing activities. Under the flow-coupled kinematic
model, the instantaneous mechanical power required for motion is primarily determined by
the control effort needed to overcome inertial and hydrodynamic resistance. We therefore
use the same quadratic motion-power model in Equation (16), which captures the dominant
contribution of thrust and steering effort in low-speed marine navigation regimes.

In addition to propulsion cost, the sensing process incurs energy expenditure associated
with data acquisition and onboard processing. This is modeled by Equation (24):

Psampling(t) = “ss(t)/ (24)

where s(t) € {0,1} denotes the sensing activation state.
The total instantaneous energy consumption is thus given by Equation (25):

P(t) = Pmotion(t) + Psampling(t)r (25)

and the cumulative energy over the mission horizon is expressed as the trajectory functional
in Equation (26):
T
E(m) = | P(t)dt. 26
(0 = [ Pw) (26)

This formulation naturally couples with the flow-driven dynamics, since the required
control effort (v(t), w(t)) is implicitly affected by the ambient velocity field V(x, t), leading
to higher energy expenditure in regions with strong currents or adverse flow conditions.

2.6. Mission Time

In this work, the mission time is not treated as an independent decision variable but as
a trajectory-induced functional determined by the execution of the flow-coupled kinematic
system. Given a feasible trajectory 77 = {p(t) };c[0,7), the mission duration is defined as the
terminal time required for the USV to complete the planned path under bounded control
inputs and environmental drift, denoted as T (7).

Under the discretized execution model with time step At, the mission time can be
equivalently expressed as Equation (27):

T(7) = NAt, (27)

where N is the number of trajectory segments required to reach the terminal condition or
satisfy the stopping criterion induced by the planning horizon or coverage completion.

Since each motion step is affected by both control inputs and ambient flow field V(x, ),
the effective progression speed along the trajectory is non-uniform, implying that T'(7r) is
implicitly coupled with both the control policy and environmental dynamics. Therefore,
the mission time constraint is imposed in the form

T (1) < Thaxs (28)

ensuring feasibility under finite operational endurance.

3. Information-Driven Quantum Path Planning Method
3.1. Environmental Perception and Information Modeling

LetZ, = {(x;,y;) }?i’l denote the set of noisy observations collected by the USV up to
time ¢, where y; represents measurements of the underlying pollutant concentration field.
Based on Z;, a spatiotemporal estimate C(x,t) is constructed using a stochastic inference
model, such as Gaussian process regression or recursive filtering [11,16,29].
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The uncertainty associated with the estimate follows Equation (10), i.e., U(x,t) =
02p(x,t | Z;), and therefore quantifies epistemic ambiguity induced by sparse sampling
under the adopted GP estimator.

The information field I(x, t) follows Equation (9), with C replaced by its posterior
estimate C, where the three terms encode concentration magnitude, spatial gradients,
and estimation uncertainty, respectively.

As new measurements are incorporated, the belief state evolves according to Equation (29):

Crr Uy = F(C, Uy, Zy), (29)

which implicitly couples the estimation process with the sampling trajectory through Z,.

3.2. Reward and Optimal Control Problem Formulation

Let 1 = {p(t)};c[0,17 denote a feasible USV trajectory governed by the flow-coupled
kinematic model introduced earlier. The accumulated monitoring utility along the trajectory
uses the continuous definition in Equation (19).

The corresponding control effort and sensing cost are aggregated into the energy
functional E(7), as introduced in Equation (20).

The mission duration T (7r) is induced by the system dynamics under bounded control
inputs and environmental drift, and is constrained by the same finite operational budget in
Equation (28).

To discourage redundant sampling in previously visited regions, a trajectory-dependent
redundancy term R(7) is introduced over the visitation history of the information field.

The optimal control problem is formulated over the trajectory space as Equation (30):

max J(rt) = G(rt) — BE(m) — yR(7), (30)

subject to the flow-driven dynamics and control constraints defined in the previous sections.

3.3. Continuous-to-Discrete QUBO Reformulation

To enable computational tractability, the continuous trajectory optimization problem
is reformulated into a discrete combinatorial form. The mission horizon [0, T] is uniformly
discretized into N time steps with f;, = kAt, where At = T/N. Accordingly, the continuous
trajectory 71 = {p(f)};cqo,7; is approximated by a discrete sequence {p,};_, on a spatial
graph ( = (U, €) constructed over the mission region [30-33].

Let x; ; € {0,1} denote the binary decision variable indicating whether the USV visits
node i € U at time step k. The trajectory is then represented as a sequence of activated
nodes under the constraint } . x; ; = 1, ensuring a unique position at each time step.

Under this discretization, the continuous information gain functional is approximated

as Equation (31):
N

G(m) ~ Y Y Iuixe, (31)
k=1iel
where I, ; = I(p,, t) denotes the information value at node i and time #;.
Similarly, the energy consumption functional is discretized as Equation (32):

N-1

E(m) = Z Z Cij Xk, iXk+1,js (32)

k=1 ijel
where ¢;; represents the transition cost between adjacent nodes, induced by both motion
effort and flow-dependent resistance.
The redundancy penalty is modeled as a quadratic penalty over repeated visits in
Equation (33):

N
R(m) = Z Z Ti,i Xk ir (33)

k=1iel
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where 7, ; increases with revisit frequency of node i in previously executed trajectories.
The feasibility constraints are encoded as penalty terms in the objective function.
The single-occupancy constraint is enforced by Equation (34):

Y xi=1, VK (34)
iel
which is incorporated into the optimization via a quadratic penalty formulation.
Combining all terms, the discrete optimization problem is written as the quadratic
unconstrained binary optimization (QUBO) form in Equation (35) [19,20]:
min  x"Qx, (35)
xE{O,l}N‘”‘
where x is the concatenated decision vector and Q is the problem-specific QUBO matrix
encoding information gain, energy cost, redundancy penalty, and constraint violations.
Concretely, let H be the number of planning steps and m the number of candidate
nodes per step, so that n = Hm binary variables are used. Each diagonal block Q;, € R™"™
encodes local rewards and one-hot feasibility,

Qui(i, 1) = —d¥I ; + yri; + By L[k = 0] — p,

with discount d = 0.92, constraint weight p = 10.0, and off-diagonal entries 2p that penalize
multi-selection. Adjacent blocks Qy ;. carry flow-dependent transition costs:

Qi) = 3pcis, ¢ = - + 0.5V - dl 1[ Vi - d < —0.3],
* 2 ! zJeff(Vﬂowl d) Atplan

where v accounts for flow-assisted or flow-impeded motion. The numerical values of the
remaining coefficients are reported in Section 4.

This formulation provides a unified discrete representation of the original continu-
ous optimal control problem, enabling subsequent quantum approximate optimization
via QAOA.

3.4. QAOA-Based Solution Method

The quadratic unconstrained binary optimization (QUBO) formulation derived in the
previous section is mapped into an equivalent Ising Hamiltonian representation to enable
quantum approximate optimization [18,19]. Let x € {0,1}" denote the binary decision
vector, and define the transformation x; = (1 — z;)/2, where z; € {—1,+1} are Pauli-Z
eigenvalues. Under this transformation, the QUBO objective x" Qx is equivalently expressed
as an Ising cost Hamiltonian:

He =Y hZ;+ Y J;ZZ; + const, (36)
i i<j
where h; and J;; are derived from the QUBO matrix Q.

The Ising coefficients follow the standard conversion h; = % Z]. Qi — %Qii and J;; = %Qi]-
fori # j, so that x"Qx — const = (H¢),_1_oy exactly.

The optimization problem is then reformulated as finding the ground state of the
Ising Hamiltonian in Equation (36). In QAOA, this is approximated by preparing the
parameterized quantum state in Equation (37) [18,21,34]:

p
|¢(')’/ﬁ)> = ne_iﬁ’HMe—i’th_i_)@n’ (37)
=1

where p denotes the circuit depth, Hy; = Zi X; is the mixer Hamiltonian, and |+)®" is the
uniform superposition state.
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In this construction, e~ biases the state toward low-cost trajectories, while e~ B
mixes among assignments. For the small instances used here (1 = 8), a depth-p = 1 circuit
with a dense (7, B) grid search is sufficient; larger instances or deeper circuits can instead
rely on a classical optimizer such as COBYLA, optionally warm-started from the previous
replanning cycle [35].

The cost Hamiltonian H. encodes the discrete trajectory optimization structure, in-
cluding information gain maximization, energy consumption penalties, and redundancy
constraints. The mixer Hamiltonian H,, induces transitions across feasible trajectory config-
urations, ensuring exploration of the combinatorial solution space.

The optimal parameters (*, B*) are obtained by minimizing the expectation value of
the cost Hamiltonian, as in Equation (38),

(v, B") = arg r{yl%ﬂﬁ/}(’y,ﬁ)chll/J('y,ﬁ)% (38)

which is evaluated using a classical optimizer in a hybrid quantum-—classical loop, potentially
with warm-start strategies for faster convergence [35].

The resulting optimal bitstring x* is obtained by measurement of the optimized quan-
tum state, which is then decoded into a discrete trajectory 7r* through the node selection
mapping defined in the QUBO formulation. This establishes a complete pipeline from
continuous trajectory optimization to quantum-enhanced combinatorial optimization.

3.5. Theoretical Analysis and Closed-Loop Properties

To complement the algorithmic formulation, we provide a unified theoretical analysis of
the proposed framework from four aspects: the well-posedness of stochastic environmental
dynamics, approximation error induced by continuous-to-discrete reformulation, practical
closed-loop behavior under receding-horizon replanning, and QAOA approximation quality
versus computational depth.

We first consider the coupled stochastic environmental model in compact form:

dz, = f(z,) dt + ZdW,, (39)

where z; collects latent current and wind states. Under standard regularity assumptions
that f(-) is globally Lipschitz and satisfies linear growth, and X is bounded, the SDE in
Equation (39) admits a unique strong solution for any initial condition. Moreover, its second
moment is bounded on finite horizons:

Ellz,|? < C; (1 + |izol?)e". (40)

This guarantees that the flow field process used by the planner is mathematically
well-defined and does not exhibit finite-time blow-up in expectation; see the bound
in Equation (40). This provides a consistent basis for information-field evolution and
online replanning. Figure 3 provides the corresponding empirical verification of second-
moment boundedness and flow-magnitude quantiles.

Let J* denote the optimal value of the original continuous trajectory problem and J the
value obtained from the discretized QUBO pipeline. The total approximation gap can be
decomposed as Equation (41):

IJ* = JI < C,At + Ch + Croi + Cootver (41)

proj

where At is temporal discretization, h is spatial resolution, C,; captures graph/candidate

proj
projection error, and C,. denotes optimization suboptimality from approximate QAOA
inference. The first two terms correspond to numerical discretization consistency, while the

latter two are algorithmic approximation terms. This decomposition clarifies that improved
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fidelity can be obtained by finer discretization and stronger optimization, at the expense of
higher computational load.

T1-A: SDE Moment Boundedness T1-B: Flow Magnitude Quantile Band
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Figure 3. SDE well-posedness and bounded-flow verification under the coupled stochastic environ-
ment (Scenario 54 setting). (Left) panel (T1-A) reports the second-moment evolution of the latent
state, where the solid line is E||z,|> and the shaded region denotes the 5%-95% interval across stochas-
tic runs; the bounded envelope indicates no moment explosion in finite horizon. (Right) panel (T1-B)
shows temporal quantile bands of flow magnitude [[V(x, f)|| (P10/P50/P90 shaded bands), demon-
strating that the induced advection field remains statistically bounded while preserving variability.
Together, these results support the practical well-posedness assumption used by the flow-coupled
planning model.

The four constants admit concrete estimates under the present setting. Euler-Maruyama
consistency implies C, o LJ%T; fitting over At € {0.25,0.5,1.0} with h = 1/60 yields
C; = 1.42 per unit At. The spatial term scales as C;, « |VI|,, and grid sweeps from
20 x 20 to 60 x 60 give C;, ~ 0.116 per unit s. Candidate-set projection satisfies Cp,; <
proj S 2.1 form =4 on a 60 x 60 grid. Solver
suboptimality is bounded by variational and grid-search residuals; at p = 1 witha 15 x 15

BCmax (Ngria — M) /Ngyq, which evaluates to C

parameter grid it remains below about 0.33% of the reference objective, and is therefore
small relative to discretization effects; a full construction-vs-circuit-width scaling summary
is reported later with the computational performance analysis.

For closed-loop operation, a Lyapunov-like performance potential is defined in Equation (42):

Vk = ﬁEk + ’}’Rk - Gk/ (4:2)

with Gy, Ei, R the cumulative information, energy, and redundancy up to replanning step
k. Under bounded disturbance and bounded solver error, the one-step conditional drift
satisfies Equation (43):

E[Vis1 — Vil F5] < —allepl? + oAt + 364106 + C3llwgl, (43)

for positive constants «,¢;, ¢,, c3, where ¢, is the tracking/planning mismatch and wy is
environmental perturbation. Hence, the receding-horizon closed loop is practically stable
in the sense of ultimate boundedness: the performance state remains inside a disturbance-
dependent compact set after transients, rather than diverging under time-varying flow.
Figure 4 reports the empirical closed-loop potential trajectory and one-step drift distribution
under receding-horizon replanning.
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T3-A: Closed-Loop Performance Potential T3-B: One-Step Drift Distribution
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Figure 4. Closed-loop properties of the receding-horizon planner in dynamic environments. (Left) panel
(T3-A) presents the normalized-step trajectory of the composite potential V;, = BE, + YR, —G;, with mean
trend and P10-P90 band over multiple runs, reflecting how information gain competes against energy
and redundancy during online replanning. (Right) panel (T3-B) shows the empirical distribution of
one-step drift AV,; the red dashed vertical line marks the zero-drift reference AV, = 0 (separating
improving and degrading steps), and the black solid vertical line marks the empirical mean of AV,
(when the mean is near zero the two lines may visually overlap). The reported Pr(AV, < 0) quantifies
the probability of descent-like behavior under stochastic disturbances. This figure provides empirical
evidence that the closed-loop strategy maintains stable performance trends rather than uncontrolled
oscillation.

Finally, for QAOA solution quality, we avoid claiming a universal constant-factor guar-
antee for general QUBO. Instead, we use the instance-dependent approximation indicator
in Equation (44):

_ frana ~faroa

P frand _fref

where f,.; is the optimal value for small enumerable instances or the best-known classical

€ [0,1], (44)

reference for larger instances. Increasing circuit depth p improves expressiveness and
typically improves p, but also increases evaluation cost approximately linearly (or worse
with optimization overhead). Therefore, the practical operating point is a moderate depth
that balances planning quality and online latency in simulation.

Overall, these results establish that the proposed method is theoretically grounded
(well-posed stochastic environment, controlled discretization error), operationally reliable
(practically stable receding-horizon closed loop), and computationally tunable (depth-
quality-runtime trade-off in QAOA), which is consistent with the empirical trends reported
in later sections.

3.6. Adaptive Replanning and Complexity Analysis

To accommodate environmental dynamics and newly acquired observations, the plan-
ning framework is executed in a receding-horizon manner [36-38]. At each decision epoch,
the belief state is updated based on incoming measurements, which induces a corresponding
update of the information field I(x, t). As a result, the optimization problem is periodically
reformulated over a shifted time window, while previously executed trajectory segments
are fixed and excluded from re-optimization.

Specifically, let 77y, denote the executed partial trajectory up to time step k. The re-
maining horizon is re-optimized by constructing a new QUBO instance over the residual
time interval [t;, T1, using the updated belief state and information field. This rolling re-
optimization ensures consistency between environmental perception and decision making
under nonstationary conditions.

From a computational perspective, let N denote the number of discretized time steps
and |)| the number of candidate spatial nodes. The resulting QUBO formulation introduces
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O(N|UD binary variables, leading to a quadratic scaling in the size of the Q matrix. The con-
struction of the cost matrix requires O(N U2 operations due to pairwise transition and
redundancy evaluations.

In the QAOA solver, the circuit depth p determines the number of alternating operator
layers, resulting in a quantum circuit complexity of O(p N|UJ]) for state preparation and
measurement. The overall optimization loop consists of O(R) classical-quantum iterations,
where R denotes the number of parameter updates required for convergence.

Compared with exhaustive combinatorial search, which scales exponentially with
O(IUIN), the proposed formulation significantly reduces the effective search space through
structured encoding and variational quantum optimization.

4. Simulation and Performance Evaluation
4.1. Simulation Setup

Numerical simulations are performed over a square occupancy-grid spatial domain
with a 60x 60 layout, which provides sufficient spatial resolution for flow field reconstruction
and information mapping. The temporal domain adopts a fixed time step At = 0.5s,
and each monitoring mission is configured with a total time budget T = 200s.

The coupled stochastic differential marine environment model uses temporal corre-
lation scales 7, = 20.0 and 7, = 5.0, cross-scale coupling coefficient x = 0.15, and spatial
correlation lengths €. = 8.0, £, = 2.5. The Euler-Maruyama numerical scheme is adopted
to solve the latent SDEs and reconstruct the composite velocity field [24,25].

Pollutant evolution follows an advection—diffusion process with diffusion coefficient
D = 0.8 and decay rate A = 0.02 [1,2,39]. Superimposed Gaussian plumes form the initial
concentration distribution, and Gaussian process regression is configured with kernel
length-scale ¢; = 6.0 and signal variance o7 = 1.5 [11].

The USV kinematic bounds are v,,, = 2.0m/s and w,,,, = 0.8rad/s. The energy
model coefficients are «, = 1.0, #,, = 0.5, o, = 0.3, corresponding to surge motion, yaw
steering, and sampling power consumption, respectively.

The information field weights are set as w. = 1.2, w, = 0.8, w, = 1.0 to balance
concentration magnitude, gradient front tracking, and uncertainty exploration. Two trade-
off hyperparameters § = 0.6 and y = 0.4 are applied to penalize energy cost and repeated
sampling, respectively.

For quantum optimization, the QAOA circuit depth used in the reported experiments
is p = 1, with a fine grid search over (v, 8) € [0, 1] x [0, 71/2] sampled at 15 x 15 points
(225 evaluations per replanning cycle), and 128 measurement shots per variational eval-
uation. A depth sweep on the same n = 8 instances shows that increasing from p = 1 to
p = 6 improves the objective by only about 0.33% while increasing runtime by roughly an
order of magnitude; accordingly, p = 1 with grid search is retained for online replanning. A
QUBO constraint penalty p = 10.0 is used to enforce valid trajectory constraints.

All quantum and classical hyperparameters are kept fixed across all comparative meth-
ods to ensure fair evaluation. The same environmental configurations are used consistently
for all the baseline methods.

The penalty term p enforces feasibility of trajectory constraints in the QUBO formula-
tion, ensuring valid node transitions in the discrete path representation.

These hyperparameters were selected for reproducibility and operational balance.
Concentration receives the largest information weight (w. = 1.2), while the gradient and
uncertainty terms (w, = 0.8, w, = 1.0) promote front tracking and exploration; +30%
perturbations leave the composite score stable near (1.0, 0.8, 1.0), whereas overweighting
uncertainty induces over-exploration. On Scenario S4, a scan of B € [0.2,1.5] shows that
B < 0.4 violates the energy budget and B > 1.0 suppresses information gain, so § = 0.6

https://doi.org/10.3390/w18212743


https://doi.org/10.3390/w18212743

Water 2026, 18, 2743

15 of 28

is used. The redundancy weight y = 0.4 keeps an approximate 8 : ¢ ~ 1.5 : 1 priority of
energy over revisits; removing it (Variant B; see the ablation study later in this section) drops
the composite score from 2.6 to —11.8. Finally, p = 10.0 is set well above the typical QUBO
objective scale (~[—15,15]), so that infeasible one-hot violations are strongly suppressed.
Figure 5 summarizes the sensitivity of information gain, coverage, and energy to  across
representative scenarios (n = 5 seeds per setting), confirming that § = 0.6 lies in a stable
operating region.

Sensitivity: Information Gain vs B Sensitivity: Coverage vs B
- 51 0.22
S3
150 default B=0.6
0.20
140 0.18
<
5
: \\/\// ‘ g
k=l ©
< 130 o
2 >
£ \ 3
= i O 014
pe 3 f‘/‘\\
£
120 012
0101 - s1
110 P
default B=0.6
0.08
0.2 0.4 0.6 0.8 1.0 12 14 0.2 0.4 0.6 0.8 1.0 12 14
Parameter: B Parameter: B
Sensitivity: Energy vs B Sensitivity: Success Rate vs B
.- 51
340 .
1.04 default =0.6
320
300 1.02
280 2
S -~ S1 o
= s3 2 1.00 B
% 260 default B=0.6 g
o
a
240
0.98
220 W
200 0.96
180
0.2 0.4 0.6 0.8 1.0 12 14 0.2 0.4 0.6 0.8 1.0 12 14
Parameter: B Parameter: B

Figure 5. Sensitivity of monitoring metrics to the energy-trade-off weight 8 (mean + std over
n = 5 seeds; shaded bands show * std). Curves for Scenarios S1 and S3 use distinct colors and
markers. In the Success Rate panel the two curves coincide at 1.0 for all tested j3, indicating that both
scenarios remain fully successful under the scanned energy weights. The selected operating point
B = 0.6 balances information gain against energy expenditure without inducing budget violations.

The whole framework is developed in Python 3.10: NumPy and SciPy handle field
numerical integration, while quantum computations rely on Qiskit 0.46 with the Aer state-
vector simulator (qiskit-aer 0.13) [40]. All experiments run on a workstation equipped with
an Intel i9 CPU and an NVIDIA RTX 4090 GPU.

All QAOA evaluations in this study are performed with the Qiskit Aer state-vector
simulator. The simulator implements the intended unitary evolution and measurement
statistics, but does not include device noise such as gate infidelity or decoherence. The result-

ing online instances use a pruned receding-horizon QUBO with planning horizon H,,, = 2
and m = 4 candidates per step (n = Hpj,,m = 8 qubits), which lies well within the qubit

count of current NISQ processors; validation on physical quantum hardware is outlined in
Section 5.

Use of Generative Al

In line with the MDPI research and publication ethics policy on generative artificial
intelligence (GenAl), we disclose the limited use of GenAlI for graphics preparation. Chat-
GPT Images 2.0 (OpenAlI available online: https://openai.com/index/introducing-chatgpt-
images-2-0/; accessed on 17 August 2026) was employed solely to generate non-textual
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illustrative elements in Figure 1 (the first figure of this manuscript), such as decorative
water-flow scene motifs used to visualize the marine environment. The overall figure com-
position, scientific panels, equations, annotations, and all other graphical components were
constructed and assembled manually by the authors. GenAI was not used for study design,
data collection, numerical analysis, interpretation of results, or for generating the scientific
content of the manuscript text.

4.2. Discrete Mission Scenarios (S0-54)

To evaluate the planners under progressively harder mission conditions, we construct
five discrete task scenarios (S0-54) on a shared grid world. All scenarios use the same map
size and geometry: a 60 x 60 occupancy grid, start node (3, 3), goal node (56, 56), and five
circular obstacles centered at (20, 20), (35,25), (22,42), (45,45), (50, 30) with radii 5, 6,5, 5, 4,
respectively. Figure 6 shows the unified environmental map for the most constrained
scenario S4.

The pollutant field is built from three components:

C= 1’101‘1’11( Cbase + D‘scside + 0.65 Dcdcdrift)r

where
Chase = g,(14, 17,5.0) + 0.99(41,40, 6.2) + 0.89(46, 14,4.8),

Cudge = ((18,30,4.2) + (1(34,16,4.0) + ((28,47,4.6),
Cane = (24,24,6.5) + (1(39,34,6.0),

and g(cx, ¢y, o) is a 2D Gaussian.
The information map is

I =norm(1.2C + 0.8||VC|| + 1.0 U),

where the uncertainty term follows the same epistemic role as Equation (10). On the discrete
S0-54 grids we instantiate U by a GP-free surrogate,

U(x) = Uy(x) = norm(d(x,x,)),

i.e., a normalized distance-from-start prior that is attenuated after sampling, as in the
U metric below; this surrogate preserves the exploration incentive of ¢2, when a full
online GP update is not maintained on every discrete cell, while continuous percep-
tion still uses Equation (10). To model directional environmental resistance, we define
a reverse-flow penalty:

F= chp(l +a, exp(—(ddiag/5)2>, 1.0, 2.6),

where dg;,; = [(¥ — x) — (¥s — x,)[ and (x, ¥5) = (3,3).
Mission success is computed uniformly for all methods:

Success =1 < (goal reached) A (L < L_,,)
A (Eeval € Emax) N (Coverage > Cin),

where L is path length, E,, , is evaluation energy (including flow penalty), and coverage is
high-gradient-region coverage.
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Unified Environment Map (S4)
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Figure 6. Unified environmental map of test scenario S4. The color gradient denotes normalized
pollution concentration, cyan arrows represent water current vectors, light green arrows indicate
wind field vectors, white polygon blocks are impassable obstacles, the cyan circle marks the USV
starting position, and the yellow star denotes the target sampling destination. Contour lines outline
the spatial distribution of pollution plumes.

Table 2 lists the scenario-wise hyperparameters used throughout the evaluation.

Table 2. Hyperparameter configuration for all test scenarios.

Scenario o &4 o, E Lax Loax Ciin
S0 (geometry baseline) 0.00 0.00 0.00 107 10° 0.00
S1 (side-lobe information)  0.55 0.00 0.00 10° 10° 0.00
S2 (drifting hotspots) 0.45 0.60 0.00 10° 10° 0.00
S3 (reverse-flow corridor) 0.35 0.45 0.95 10° 10° 0.00
S4 (dual-budget mission) 0.35 0.55 1.10 360 220 0.17

S0-S3 mainly test environmental distinguishability and planner behavior under increas-
ing field complexity, while 54 is the constrained mission scenario used to test goal-reaching,
information collection, and resource-awareness jointly.

4.3. Performance Metrics

To ensure fair cross-method comparison, all planners are evaluated using the same
unified metric set on the same discretized grid environment. The reported metrics are
grouped into information quality, resource cost, trajectory quality, task success, and compu-
tational cost.
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4.3.1. Information Quality

The cumulative information gain along trajectory 7 = {x,}_, is

T
Geval () = )_1(x)),
t=0

where I(-) is the normalized information map.
High-gradient coverage is defined on the top-gradient region

Qg ={xe eree VI > 110.8},

where g 5 is the 80th percentile of |[VI||. Let () be cells sampled at least once (within sensing
footprint). Coverage is
10 N Q|

Cov(m) =
[N

Posterior uncertainty for discrete-scenario scoring uses the same epistemic surrogate
as the planner’s U term, attenuated by repeated sampling:

Upost(x) = Uy(x) exp ( — 0.6514(x)),

Y Uy,

u= a
| free' xenfree

where Uy (x) = norm(d(x, x,)) is the distance-to-start prior (a GP-free stand-in for ¢2;) and
ng(x) is the local sampling count. Thus, planning and evaluation share one uncertainty
semantics on S0-54, while Equation (10) remains the definition under online GP perception.

4.3.2. Resource Cost and Trajectory Quality
Path length is

T
L(m) = ) Iy = Xl
t=1

Energy includes flow-weighted motion and turning penalty:

T
Eeval(n) =

T
F(xp)lix; — x,_qll, + 0.08 ) "|A6],
=1 =2
where F(x) € [1,2.6] is the flow-penalty map.
Redundancy is measured by the revisit ratio:

(It] = [Unique (7))

R(m) =
|7t

4.3.3. Task-Level Feasibility

A rollout is successful iff all mission constraints are satisfied:
Succ(7) = 1[x1 = x4 AL(71) < Ly

AE g1 (71) < E e A Cov() > Cpinl-

For multi-seed evaluation, the success rate is the mean of Succ(7r) over runs.
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Constraint violation is defined as the motion infeasibility ratio (out-of-bound, obsta-
cle collision, or non-adjacent move), with an additional penalty for mission-budget or
coverage failure:

V(m) = min(l, Umotion T 0.2 lbudget fail T 0.2 1coverage fail)'

4.3.4. Computational Cost

Runtime is the wall-clock planning time per method:

=t t

trun end  ‘start*

This runtime definition is uniformly applied to all baselines and the proposed method.
Figure 7 visualizes representative trajectories of all compared planners on Scenario S4.

4.4. Comparative Results

The comparison set covers four complementary families: geometric shortest-path plan-
ners (A*, Dijkstra) as sensing-agnostic references; a one-step greedy informative planner
(Greedy-Info); metaheuristic optimizers of the same composite objective G — BE (PSO-IPP,
Genetic, SimAnneal); and static quantum solvers (Static-QUBO, Global-QAQOA) that share
the QUBO encoding but omit receding-horizon replanning. All methods use the same
information map I = w,C + wg||VC [+ w, U and the same evaluation protocol. Metaheuristic
budgets were tuned once on Scenario SO and then frozen across scenarios. Unless noted
otherwise, the frozen settings are PSO-IPP with 30 particles, 72 iterations, horizon 165,
inertia w = 0.72, and cognitive/social coefficients ¢c; = ¢, = 1.30; Genetic with popula-
tion 68, 90 generations, horizon 168, and mutation probability 0.07; and SimAnneal with
1800 iterations, initial temperature 1.6, and cooling factor 0.996. Geometric planners use
8-connected grid search with unit step cost; Static-QUBO / Global-QAOA reuse the same
QUBO coefficients (B, 7, p) as the proposed method but without rolling reconstruction.

Table 3 summarizes the quantitative performance of nine planners on the constrained
marine monitoring scenario, categorized into geometric pathfinding, heuristic informative
planners, and static quantum baselines [6,7,10,18,41,42]. Table 4 reports the corresponding
multi-seed mean = std over the same five seeds. Deterministic planners are seed-invariant;
among the stochastic methods, CV(G,,,) ranges from about 1.9% (Greedy-Info) to 14.5%
(Genetic), with the proposed planner at 6.3%. Because several baselines are deterministic
(zero variance), we do not report pairwise p-values against them; instead we emphasize
effect sizes and CV. Relative to the strongest stochastic classical solver (SimAnneal), the pro-
posed method retains a substantially higher mean G, (134.7 vs. 87.3). Table 5 additionally
lists ground-truth-field statistics (Gyy,) for the proposed planner; these values use a differ-
ent evaluator from G, and should not be compared numerically to Tables 3 and 4.

In terms of core sensing performance, Greedy-Info yields the highest information
gain (149.33) and pollution gradient coverage (27.64%), but with substantial resource
overhead. The proposed Proposed-Replan-QAOA achieves the second-best information gain
of 141.63, outperforming the best metaheuristic SimAnneal (89.01) by 59.12%, and attains the
minimal posterior uncertainty U = 0.463, demonstrating superior balancing of exploration
and exploitation. By contrast, the geometric planners (A*, Dijkstra) and static quantum
methods (Static-QUBO, Global-QAOA) produce low information gain and limited coverage
under the constrained scenario.
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Baseline Path Visualizations
Dijkstra

Greedy-Info

PSO-IPP Genetic SimAnneal

Static-QUBO Global-QAOA Proposed-Replan-QAOA

Figure 7. Trajectory visualization of all compared path planning baselines on Scenario S4. The back-
ground colormap denotes normalized pollution concentration (red for high-pollution hotspots, purple
for clean seawater), black polygons represent static marine obstacles, green dots mark the USV start-
ing position, the blue star marks the goal location, and cyan curves depict the generated navigation
trajectories. Geometric planners (A*, Dijkstra, Global-QAOA) produce straight, short paths that
ignore pollutant plumes; Greedy-Info and metaheuristic algorithms (PSO-IPP, Genetic, SimAnneal)
over-explore local hotspots with excessive detours and redundant sampling; Static-QUBO generates
fixed offline trajectories incapable of adapting to dynamic pollution fields. The proposed Proposed-
Replan-QAOA balances sufficient coverage of high-concentration pollution zones and reasonable
travel overhead via receding-horizon online replanning.

The moderate coverage of the proposed method (17.92%) relative to Greedy-Info
(27.64%) is consistent with the metric definitions: Coverage counts unique visited cells and
therefore favors spatial breadth, whereas G, accumulates information from every sample
and therefore favors repeated visits to high-value hotspots. In Scenario 54, pollutant mass is
concentrated in a few localized regions; with an explicit anti-redundancy term, the planner
covers about 215 unique cells while concentrating samples where the per-visit return is
highest. Greedy-Info spreads more widely and thus reports higher coverage at a slightly
lower information density. The two scores therefore capture complementary aspects of
monitoring quality rather than a single ranking axis.
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Table 3. Quantitative comparison of different path planning methods on the target constrained
scenario (shared reference seed 7 from the seed set {7, 14, 21, 28, 35}). Deterministic methods are
seed-invariant. Multi-seed mean =+ std over all five seeds are reported in Table 4; ground-truth multi-
seed metrics for the proposed planner appear in Table 5. A* denotes the classical A-star shortest-path
planner (the asterisk is part of the conventional algorithm name). Boldface highlights the best value
in each column.

Method Geoval (7T) u Coverage (%) Energy Vlo(l‘.)/ol){ate Runtime (s)
A* 33.87 0.487 14.58 116.46 20.00 0.01
Dijkstra 32.01 0.487 15.83 105.32 20.00 0.02
Greedy-Info 149.33 0.464 27.64 365.38 20.00 0.00
PSO-1PP 85.97 0.454 23.33 304.90 0.00 7.42
Genetic 72.95 0.468 20.14 225.37 0.00 13.99
SimAnneal 89.01 0.473 24.58 248.09 0.00 3.16
Static-QUBO 50.99 0.478 15.14 166.86 20.00 0.00
Global-QAOA 33.19 0.486 15.42 108.85 20.00 24.10
Proposed-Replan-QAOA 141.63 0.463 17.92 345.88 0.00 2.62

Table 4. Multi-seed statistics on Scenario S4 over n = 5 seeds {7, 14, 21, 28, 35} (mean * std).
Deterministic planners have negligible seed-to-seed variance in G,,,. Boldface highlights the best
value in each column.

Method Geval u Energy

A* 33.87 £ 0.00 0.487 + 0.000 116.5 £ 0.0
Dijkstra 32.01 £ 0.00 0.487 + 0.000 105.3 £ 0.0
Greedy-Info 149.2 £ 28 0.462 + 0.005 365.3 + 26.2
PSO-IPP 751+ 64 0.461 + 0.006 261.6 £17.5
Genetic 61.3 +8.9 0.471 + 0.005 206.8 +17.0
SimAnneal 87.3+10.1 0.474 £+ 0.002 236.2 +21.7
Static-QUBO 50.99 £ 0.00 0.478 + 0.000 166.9 £+ 0.0
Global-QAOA 33.19 £ 0.00 0.486 + 0.000 108.8 £ 0.0
Proposed-Replan-QAOA 134.7 £ 8.5 0.465 + 0.003 331.4 +£23.0

Table 5. Multi-seed ground-truth metrics of the proposed planner on Scenario S4 (n = 5). All entries
use a ground-truth-field evaluator that differs from the planner-side G, /coverage/energy definitions
in Tables 3 and 4; numerical values in this table must not be compared directly with those tables. CV
denotes the coefficient of variation.

Metric Mean Std CV (%)
Girue 686.6 36.1 5.26
Energy 232.9 12.5 5.39
Coverage (%) 36.08 5.52 15.3
Constraint violations 0.00 0.00 0.00

For mission feasibility, PSO-IPP, Genetic, SimAnneal, and the proposed method achieve
a zero violation rate on the reference seed in Table 3. The geometric and static quantum
baselines show a 20% violation rate.

Regarding computational overhead, Global-QAOA suffers the longest runtime (24.10s)
due to full-horizon global optimization. The swarm-based heuristics also incur heavy
latency (PSO-IPP:7.42 s, Genetic: 13.99 s). Benefiting from receding-horizon decomposition,
the proposed QAOA planner only takes 2.62s per replanning cycle, which fits the 4s
simulated replanning interval. Unless otherwise stated, the reported latencies are wall-
clock times on an Intel i9 workstation in simulation, rather than onboard USV or quantum-
hardware measurements; claims of online feasibility in this paper therefore refer to the
simulated control loop, and hardware validation is discussed in Section 5.
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The proposed method’s moderately higher energy consumption and sampling re-
dundancy are acceptable trade-offs to continuously track drifting pollutant plumes under
stochastic ocean currents and wind drift.

The higher energy consumption relative to the geometric planners should be inter-
preted jointly with sensing return. Dijkstra reaches E = 105.32 by ignoring pollutant
structure and obtains only G = 32.01, about 22.6% of the proposed G = 141.63. Relative to
the informative baselines, the proposed G/E = 0.41 matches Greedy-Info while reducing
the violation rate from 20% to zero. Static-QUBO (E = 166.86, G = 50.99) plans on a
frozen snapshot and likewise incurs 20% violations under drift. Among the methods that
simultaneously attain high information gain and zero violations, the proposed planner is
the most energy-efficient; increasing 5 (e.g., to 1.0) can further reduce energy at the expense
of information gain when mission priorities so require.

Overall, the receding-horizon quantum framework provides the most balanced perfor-
mance among methods that jointly pursue high information return and mission feasibility in
the simulated dynamic monitoring setting, rather than dominating every individual metric.

4.5. Ablation Studies

Ablation experiments are conducted to quantify the contribution of each key module in
the proposed framework under the discrete mission settings (52/53/54). Five configurations
are evaluated while keeping all map settings, obstacle layouts, and evaluation protocols
identical. The results are averaged over 20 seeds per scenario and reported in Table 6.
To avoid misleading conclusions from single-metric inflation (e.g., excessive revisits that
increase G, (7)), we additionally report a composite score:

Score = Ggyq) — AEeya — # Red — v Viol,
with (A, u, v) = (0.35,1.20,2.50).
Table 6. Ablation study on discrete mission scenarios 52/S3/S4. Entries are mean =+ std over

20 seeds per scenario. Composite score uses Score = G, — AE — pt Red — v Viol with (A, pr, v) =
(0.35,1.20,2.50). Boldface highlights the best value in each column.

Method Score G u Cov. Energy Viol. Red.

Full model 261224 113.6 £ 14.7 0.464 + 0.003 176 £ 15 246 + 55 1.7+5.5 173+5.0
Var. A (no unc.) 0.0+27.1 113.6 £16.3 0.464 + 0.004 17.1£2.0 244 £ 52 30+71 17.1£5.0
Var. B (no anti-red.) -11.8 +£41.7 17751+ 11.4 0.462 + 0.003 18.5+1.9 354+ 61 7.3+109 39.1+£3.9
Var. C (no replan) —18.6 £26.1 326+1.0 0.481 £+ 0.008 114 £43 98.5+ 124 6.7+94 0.0 +0.0
Var. D (no quantum) -14.3£31.4 502+ 1.8 0.479 £ 0.001 142107 136.6 +27.0 67194 0.0£0.0

Variant A removes the uncertainty term from the information map. Compared with
the full model, G, (7r) remains nearly unchanged (113.6 vs. 113.6), but coverage decreases
(17.1% vs. 17.6%) and the violation rate increases (3.0% vs. 1.7%), reducing the composite
score from 2.6 to 0.0. This indicates that uncertainty-aware weighting primarily improves
safety and mission consistency rather than raw accumulation.

Variant B disables the anti-redundancy mechanisms. Although this variant yields
higher G, (77) (177.5) and slightly better U and coverage, it achieves this at the cost of
substantially higher energy (354.3), violation rate (7.3%), and redundancy (39.1%). Its
composite score drops to —11.8, showing that the apparent gain is dominated by inefficient
repeated sampling.

Variant C disables receding-horizon replanning and performs one-shot global optimiza-
tion. This reduces energy and redundancy, but severely harms task-oriented information
performance (Gg, (1) = 32.6, coverage = 11.4%, U = 0.481), resulting in the lowest
score (—18.6). This result confirms that online adaptation is essential in nonstationary
information landscapes.
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Variant D replaces the quantum optimizer with a classical non-quantum QUBO solver.
Similar to Variant C, it is more conservative in energy but significantly underperforms in
information acquisition (G, (7r) = 50.2, coverage = 14.2%, U = 0.479), with a negative
score (—14.3).

Overall, while several of the ablations can improve isolated metrics, only the full
model achieves the best balanced performance, obtaining the highest composite score (2.6)
and the lowest violation rate (1.7%). These results validate the necessity of combining
uncertainty-aware information shaping, anti-redundancy control, and receding-horizon
quantum-assisted replanning.

Trajectory-level inspection clarifies the ablation outcomes. Without the uncertainty
term (Variant A), the vehicle remains near previously high-value zones adjacent to obstacles
and explores less, which raises the violation rate even though raw G is almost unchanged.
Disabling anti-redundancy (Variant B) produces oscillatory revisits of a few hotspots: path
length grows by about 43%, energy rises from 246 to 354, and redundancy reaches 39.1%,
so the highest G coincides with the worst composite score. One-shot planning (Variant C)
freezes the initial snapshot; after plumes drift by roughly 10-15 cells in S2/5S3, the vehicle
finishes early targets and then travels with little additional information return. Replacing
QAOA by classical simulated annealing on the same small QUBO (Variant D) yields more
conservative short hops and lower information acquisition, indicating that the quantum
solver is at least competitive at # = 8 and remains the component intended to scale with
larger encodings.

4.6. Computational Performance Analysis

Under the proposed benchmarking protocol, all the complexity statistics are averaged
over 50 independent runs across grid scales N € {20, 30,40, 50, 60, 80}. A key distinction
throughout this section is that construction size # quantum circuit width. Table 7 reports
two related but distinct sizes. The full-grid assembly column uses a construction horizon
Hia = 8 over all grid nodes, i.e., HyylU| binary coefficients (3200-51,200 as the map grows
from 20 x 20 to 80 x 80), which governs only classical QUBO construction time and memory.
In contrast, the online QAOA solve uses candidate pruning with H,, = 2and m = 4,
and hence a fixed circuit width n = Hp,,
depth sweeps and QAOA quality claims in this paper refer exclusively to these pruned

m = 8 qubits at every replanning step. The
n = 8 instances; the 51,200 figure must not be read as the number of qubits.

Table 7. QUBO construction and computational scaling under different grid resolutions. Importantly,
construction size # quantum circuit width: “Full-grid vars.” counts the naive encoding HiulU] with
H; = 8 used only for classical construction/memory scaling, whereas the online QAOA solve uses
candidate pruning with H,,, = 2, m = 4, hence a fixed circuit width n = 8 qubits. The results are
averaged over repeated runs.

Grid Size Nodes || Full-Grid Vars.  Constr. Time (s) Memory (MB) Replan Lat. (s)
20 x 20 400 3200 0.045 2.2 0.052
30 x 30 900 7200 0.112 5.0 0.052
40 x 40 1600 12,800 0.208 9.0 0.052
50 x 50 2500 20,000 0.334 14.2 0.053
60 x 60 3600 28,800 0.488 20.5 0.053
80 x 80 6400 51,200 0.873 36.7 0.053

The measured QUBO construction time grows monotonically from 0.0446s (20 x 20)
to 0.8727s (80 x 80), while peak memory usage increases from 2.17 MB to 36.69 MB. This
trend is consistent with the expected superlinear growth of constrained QUBO assembly
under higher spatial resolution.
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For online deployment, we additionally report single-cycle receding-horizon optimiza-
tion latency. Across all scales, replanning latency remains tightly bounded around 0.052 s
(range: 0.0518-0.0529 s), which is well below the control step At = 0.5s. The timing window
here measures only the pruned QAOA solve/decode stage (Hpj,, = 2, m = 4, n = 8, fixed
shot budget, fixed optimizer-iteration cap), while map update and QUBO construction are
reported separately in Table 7; this measurement protocol explains the near-constant latency
across grid resolutions. In particular, at 60 x 60, the average latency is 0.0529 s, confirming
online feasibility in simulation with substantial timing margin.

The 2.62 s entry in Table 3 is the end-to-end wall-clock time of one replanning cycle,
including measurement update, QUBO construction, the full 15 x 15 variational grid search,
and trajectory decoding. The ~0.052 s figure is a narrower micro-benchmark of the QAOA
solve/decode stage on a pre-built QUBO with a reduced search budget (50 rather than
225 evaluations). For online operation, the end-to-end 2.62 s value is the relevant latency
and remains within the 4 s replanning interval, while the micro-benchmark isolates solver
overhead for scaling studies.

The depth—performance trade-off of QAOA is evaluated through a dedicated depth-
sweep experiment. As depth increases from p = 1 to p = 8, runtime rises approximately
linearly from 3.33 s to 53.43 s. By contrast, objective improvement is marginal: the best value
changes from 42.516 to 42.374 (about 0.33% relative improvement), indicating diminishing
returns at larger p. Therefore, moderate depth provides a more practical balance between
optimization quality and computational overhead.

Overall, the results show that the proposed framework scales predictably with dis-
cretization, satisfies the simulated replanning-interval constraints at the target operating
resolution, and exhibits a clear depth-latency trade-off in quantum optimization.

5. Discussion

The proposed framework integrates a stochastic marine environment model, an
information-driven objective, and a hybrid quantum-—classical optimization pipeline. The ex-
perimental results indicate consistent improvements over classical and heuristic baselines
across all scenarios; however, the performance gains should be interpreted in the context of
modeling assumptions and computational trade-offs inherent to the formulation.

A central observation is that the coupling between environmental dynamics and plan-
ning decisions significantly affects trajectory quality in time-varying flow fields. In particular,
the incorporation of a stochastic differential representation of ocean currents and wind
drift provides a more realistic description of transport dynamics compared to static flow
assumptions. This enables the planner to implicitly account for advective distortion of
both the pollutant field and the vehicle trajectory, which becomes especially relevant under
Scenario 2 and Scenario 3, where environmental variability dominates system behavior.

The introduction of an uncertainty-aware information field further influences the explo-
ration—exploitation balance of the planner. By combining concentration magnitude, spatial
gradients, and epistemic uncertainty, the resulting objective promotes sampling diversity
in regions that are either poorly observed or dynamically evolving. The ablation results
suggest that removing this term leads to a measurable increase in posterior uncertainty and
reduced coverage of high-gradient regions, indicating that uncertainty modeling plays a
complementary role rather than acting as a secondary heuristic term.

From an optimization perspective, the QUBO-QAOA formulation provides a flexible
discrete representation of the trajectory planning problem. While the variational quantum
solver does not guarantee global optimality, its expressive parameterized structure allows
exploration of a broader solution space compared to greedy decoders. Nevertheless, this
benefit comes at the cost of increased computational overhead, particularly when scaling to
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finer discretizations or higher circuit depths [43,44]. The complexity analysis shows that the
current implementation remains within the simulated replanning budget for moderate grid
resolutions, but scalability to significantly larger domains would require further algorithmic
or hardware-level improvements.

It is also important to note that the current framework assumes accurate estimation
of the underlying flow field and pollutant dynamics through sensor fusion and Gaussian
process inference. In practice, model mismatch or sensor noise could degrade the quality of
the reconstructed information field, thereby affecting downstream planning performance.
Future extensions may consider robust optimization formulations or Bayesian reinforcement
learning approaches to explicitly handle such uncertainties.

Finally, although the proposed method demonstrates strong empirical performance
across diverse simulated scenarios, validation in real-world marine environments remains
an important next step. Factors such as measurement delay, communication constraints,
and actuator non-idealities are not fully captured in the current simulation model [3,5].
Addressing these aspects would further strengthen the applicability of the framework to
practical autonomous water quality monitoring missions.

Controlled perturbation tests (n = 5 seeds) further support closed-loop robustness.
Under multiplicative concentration noise N(0,0.1C) and/or GPS bias of £3m, informa-
tion gain evaluated on the ground-truth field remains comparable to the clean baseline
(Girue = 666.7 £ 65.0 versus 694.2 + 44.9, 686.6 = 40.8, and 668.5 £ 90.9), with no constraint
violations; the 4 s replanning period limits error accumulation. When planner-side SDE
parameters are misspecified (set to 7, = 1.57, and «’ = 2k), Gy, decreases by only 2.8%
and coverage from 38.6% to 33.1%, again without violations, indicating that receding-
horizon updates compensate for moderate flow miscalibration. Across five Scenario 54
seeds, Gy, = 686.6 = 36.1 with CV(G) = 5.26% and CV(E) = 5.39%. Remote quantum
execution would additionally require round-trip latency below the replanning interval,
with classical QUBO solving as a fallback; richer actuator limits can be absorbed into the
transition costs c;;.

From a scaling viewpoint (Table 7), QUBO construction grows from 0.045 s on a 20 x 20 grid
to 0.873's on 80 x 80, still within the 4 s replanning budget, while the solve latency stays

near 0.052 s because each online horizon uses a fixed circuit width n = H,j,,m = 8 qubits

(Hpian = 2, m = 4). Thus, larger maps increase classical construction/fnap-evaluation
cost, not quantum circuit width—again underscoring that construction size # qubit count;
encodings with n = 32 remain a natural next step as hardware improves.

The main limitations of the present study are the reliance on simulation, the lack of
buoy/ADCP calibration for SDE parameters, and the small QUBO size. A staged validation
is planned: classical QUBO control on a physical USV in a confined pond; cloud NISQ
execution of p = 1, n = 8 circuits; extension to tidal environments; and progressive scaling

beyond 32 qubits.

6. Conclusions

This paper presented an information-driven quantum path planning framework for
USV-based water quality monitoring in stochastic marine environments. The method com-
bines a coupled current-wind stochastic field model, an uncertainty-aware information map,
a QUBO-based discrete reformulation, and QAOA-enabled receding-horizon replanning.

Experimental results on constrained mission scenarios show that the proposed ap-
proach achieves strong information acquisition and low posterior uncertainty on the refer-
ence evaluation seed, with wall-clock latency compatible with the simulated replanning
interval. Absolute superiority on every metric is not claimed: greedy informative search can
attain higher raw G, and coverage. Additional ablation and scaling analyses indicate that
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uncertainty modeling, anti-redundancy control, and adaptive replanning are all necessary
for balanced mission performance.

Future work will focus on extending robustness under sensor/model mismatch, in-
corporating noise-aware variational quantum optimization [43,45], and validating the full
pipeline on physical USV platforms in real marine deployments.
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