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• A SOTA three-region ferry-port V2B benchmark fuses real ferry sched-
ules/AIS, weather, sea state, port load, and battery data across Nor-
way, Denmark, and the USA.

• One physics evaluator co-schedules ferry charging, V2B, reefer load,
and cold-battery preconditioning, scoring every method on identical
footing.

• A SciML P90 weather reserve converts brittle deterministic schedules
into 98–100% held-out cold-wave feasibility at under 2.5 % cost pre-
mium.

• A QPU-ready QUBO scheduler and a physics-shielded VQC controller
form a compact, hardware-portable, NISQ-deployable Quantum–AI de-
cision layer.

• Coordinated control cuts peak demand by 52.5–56.1% and operating
cost by 33.0–38.5% across all real-data-anchored cases.
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Abstract

Battery-electric ferry ports are emerging as the most demanding nodes of
the maritime energy transition: a single shore transformer must deliver
megawatt-scale charging within minute-long berth windows while simulta-
neously supplying terminal buildings, refrigerated cargo, and electrified port
equipment, and while cold weather inflates crossing energy and suppresses
lithium-ion charge acceptance. We introduce QuantumFerryV2B, a state-of-
the-art (SOTA) Quantum–AI framework that controls this coupled system
as one weather-robust, thermally aware Vehicle-to-Building (V2B) problem
rather than as isolated charging, building, or battery subproblems. The
framework unifies five components: a reproducible three-region real-data
benchmark, a physics-based energy and battery-thermal evaluator that
scores every method identically, a chance-constrained P90 weather reserve
driven by a scientific machine-learning (SciML) crossing-energy surrogate,
a QPU-ready quadratic unconstrained binary optimisation (QUBO) day-
ahead scheduler with deterministic feasibility repair, and a physics-shielded
variational quantum circuit (VQC) closed-loop controller.

The benchmark fuses Norwegian Entur ferry timetables, Danish Mar-
itime Authority AIS traces, Washington State Ferries GTFS schedules,
Open-Meteo historical weather and marine fields, NREL/OEDI port cargo-
handling load profiles, CALCE low-temperature lithium-ion cell data,
EnergyPlus terminal-load simulation, and OpenModelica battery-thermal
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validation. Across Norway, Denmark, and the USA, coordinated scheduling
cuts peak demand by 52.5–56.1% and operating cost by 33.0–38.5% relative
to uncontrolled opportunity charging. Removing thermal preconditioning
renders the Norwegian and US cold-wave cases infeasible, with 2 and 6 missed
departures; a SciML P90 reserve converts brittle point-optimal schedules
(45–70% held-out feasibility) into robust ones (98–100 %) at a cost premium
below 2.5%. The QPU-ready QUBO scheduler matches the exact optimiser
on the demand peak while outperforming an equally fast greedy heuristic
by up to 2.8×, and the physics-shielded VQC sustains zero deployed missed
departures under IBM Heron-r2-class quantum-hardware noise while its
parameter count grows 16× more slowly than a matched neural network.
QuantumFerryV2B thus establishes a SOTA, real-data-grounded benchmark
and a deployable Quantum–AI control architecture for robust ferry-port
electrification.
Keywords: battery-electric ferry, vehicle-to-building, port microgrid,
cold-battery preconditioning, quantum annealing, variational quantum
circuit, weather-robust scheduling

1. Introduction

Maritime transport moves roughly 90% of world trade by volume and
contributes close to 3% of global greenhouse-gas emissions, and short-sea
ferry services are among the first segments to electrify at scale: Norway’s
MF Ampere, Denmark’s Ellen, and a growing fleet of battery-electric ferries
already operate zero-emission crossings on fixed public-transport timetables
(Bouman et al., 2017; Frković et al., 2025). This success converts a decar-
bonisation opportunity into a demanding energy-systems control problem. A
battery-electric ferry must absorb megawatt-scale energy during berth win-
dows of only a few minutes, yet the same shore connection simultaneously
feeds terminal buildings, refrigerated (reefer) cargo, and emerging electric
cargo-handling equipment (Zhang et al., 2022; Mao et al., 2022). In cold
weather the coupling tightens further: wind, waves, and cabin heating raise
per-crossing energy, while lithium-ion cells accept fast charge only after pre-
conditioning, because charging a cold pack drives lithium plating and irre-
versible damage (Jaguemont et al., 2016; Wang et al., 2022). When a con-
troller underestimates this coupled, weather-dependent demand, the failure
mode is not merely a higher electricity bill — it is a missed public-transport

2



sailing.
This setting is qualitatively different from land-based electric-vehicle

charging. Vehicle-to-grid and Vehicle-to-Building studies have established
the value of mobile batteries for peak shaving and energy arbitrage (Kempton
and Tomic, 2005; Lund and Kempton, 2008; Leippi et al., 2025); maritime-
energy research has shown that speed, weather, and operational profiles
dominate vessel energy use (Psaraftis and Kontovas, 2013; Agand et al.,
2023); battery science has quantified the low-temperature charge-acceptance
limit (Jaguemont et al., 2016; Wang et al., 2022); and port-microgrid work
has optimised berth allocation, onshore power, and integrated energy supply
(Zhang et al., 2022; Mao et al., 2022; Gabrielii et al., 2025). Each stream
is mature, and each, on its own, is incomplete for the ferry-port problem:
ferry-port V2B operation sits precisely at their intersection, a coupled
transportation–building–battery–grid control problem with hard departure
constraints.

The research gap is therefore concrete and, to the best of our knowledge,
unaddressed. No public dataset or modelling study evaluates ferry schedules
or AIS, metocean forcing, port-electrification load, terminal-building simu-
lation, battery thermal limits, and V2B actions together, across more than
one region, with a single physics evaluator that scores every controller on
identical footing. Equally, no prior control architecture simultaneously han-
dles cold charge acceptance, sea-state-driven crossing energy, transformer
stress, weather uncertainty, and hardware-portable discrete scheduling. A
controller that minimises cost while ignoring these couplings looks attrac-
tive in simulation yet fails exactly during cold-wave operation, when robust
dispatch matters most. Recent work has shown that quantum computing
is an effective lens for precisely this class of large-scale, discrete, NP-hard
energy-scheduling problems — Deng et al. demonstrated quantum-enhanced
residential EV charging management with comparable solution quality and
superior scalability over classical solvers (Deng et al., 2025), and variational
quantum reinforcement learning has been deployed for building thermal con-
trol under realistic hardware noise (Chen, 2024; Skolik et al., 2022). These
advances motivate a Quantum–AI treatment of the ferry-port problem.

We close this gap with QuantumFerryV2B, a SOTA Quantum–AI frame-
work for weather-robust, thermally aware ferry-port V2B control. We use the
term Quantum–AI in a precise architectural sense. The discrete day-ahead
scheduler is cast as a quadratic unconstrained binary optimisation (QUBO)
model that maps natively to quantum-annealing hardware, where the valley-
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fill peak-shaving term and the cold-charge coupling are genuine quadratic
interactions rather than penalty artefacts (Lucas, 2014). The closed-loop
controller is a compact variational quantum circuit (VQC) policy projected
through a physics-based energy- and battery-management safety shield
(Bergholm et al., 2022; Jerbi et al., 2021; Schuld et al., 2021). This is not a
cosmetic quantum wrapper: the QUBO captures the natural combinatorial
structure of load shaping, and the VQC supplies a parameter-efficient,
NISQ-deployable policy representation whose advantages widen with fleet
size. Exact mixed-integer linear programming (MILP), rule-based, and
neural-network baselines are retained throughout so that every comparison
is rigorous and fair.

The contributions of this paper are:

1. A multi-region, real-data-anchored ferry-port V2B bench-
mark that integrates Norwegian Entur timetables, Danish AIS, Wash-
ington State Ferries GTFS, Open-Meteo weather and marine forcing,
NREL/OEDI port-electrification loads, CALCE low-temperature bat-
tery data, EnergyPlus terminal-load simulation, and OpenModelica
battery-thermal validation — the first dataset to span this intersection.

2. A coupled, thermally aware energy model that co-schedules ferry
charging, V2B discharge, preconditioning, and shiftable port load un-
der departure, state-of-charge (SOC), transformer, and cold charge-
acceptance constraints, evaluated by one exact physics evaluator.

3. A SOTA weather-robust planning layer in which a SciML
crossing-energy surrogate supplies a chance-constrained P90 reserve
that restores held-out cold-wave feasibility to 98–100% across all three
regions.

4. A Quantum–AI decision architecture combining a QPU-ready
QUBO scheduler with deterministic feasibility repair and a physics-
shielded VQC controller that is NISQ-deployable and parameter-
efficient.

5. A complete experimental evaluation demonstrating large peak
and cost reductions, the operational necessity of preconditioning, the
value of robust reserves, and the hardware-noise stability and parame-
ter scalability of the shielded VQC layer.

The remainder of this paper is organised as follows. Section 2 describes
the benchmark and simulation toolchain; Section 3 develops the coupled
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Figure contract: each result panel downstream uses the same evidence chain: real schedule/load/weather data -> physics-constrained EMS/BMS -> audited KPI.

Figure 1: QuantumFerryV2B evidence chain and framework. Real maritime sched-
ules/AIS, weather and marine forcing, port-electrification loads, and battery component
data (left) feed a single physics-based evaluator (centre), which scores every controller:
uncontrolled charging, rule-based control, a QPU-ready QUBO scheduler, an exact MILP
reference, and the physics-shielded VQC policy. A SciML P90 reserve provides weather
robustness (right).

model; Section 4 presents the Quantum–AI optimisation and control archi-
tecture; Section 5 states the experimental design; Section 6 reports results;
and Sections 7 and 8 discuss implications and conclude.

2. Data benchmark and simulation toolchain

2.1. Multi-region open-data construction
No single public dataset contains electric-ferry operations, port buildings,

cold-battery behaviour, and V2B control simultaneously. We therefore con-
struct a multi-source benchmark whose layers are deliberately selected so that
each physical coupling is independently inspectable. Figure 1 summarises the
evidence chain and Table 1 lists the sources.

The three regional cases are chosen to stress the framework along com-
plementary axes. The Norwegian case uses a directly downloadable Entur
timetable, giving a fully reproducible primary validation. The Danish case
uses downloadable historical AIS, providing a second-country external oper-
ational validation reconstructed from real vessel tracks. The US case pairs a
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current Washington State Ferries schedule snapshot with a historical Puget
Sound cold-forcing day, so that a real service structure is stressed by a real
cold-wave environment. Together they cover three independent service pat-
terns under three independent cold events.

2.2. Core parameters
The ferry layer follows Ampere-class public specifications, with a 1MWh

battery and a nominal 150 kWh crossing-energy scale (Electric Power Re-
search Institute, 2015). The day is discretised into 48 half-hour slots. Table 2
lists the main parameter values and their rationale; every value is anchored
either to public vessel specifications, to the open datasets of Table 1, or to
standard tariff structure.

3. The QuantumFerryV2B model

3.1. Sets, states, and decisions
Let T = {0, . . . , T − 1} be the half-hour slots and F the ferry fleet. The

binary timetable parameter cft = 1 marks ferry f crossing during slot t, and
bft = 1 marks it berthed and available for port-side actions. The controller
chooses charging, preconditioning, and V2B decisions

xft, zft, yft ∈ {0, 1}, f ∈ F , t ∈ T , (1)

where xft = 1 activates charging, zft = 1 activates battery preconditioning,
and yft = 1 activates V2B discharge to the port. Shiftable port-load blocks
are represented by ukt ∈ {0, 1} for deferrable reefer or cold-storage group k.
The port net electrical load is

Lt = Lbase
t + LeCHE

t +
∑
k

P ref
k ukt +

∑
f

(
P̄ ch
f xft + P̄ pre

f zft − P̄ v2b
f yft

)
, (2)

where blue is charging load, gold is preconditioning load, and teal is V2B
discharge. The shore transformer imposes

0 ≤ Lt ≤ P̄ grid, t ∈ T . (3)
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3.2. Sea-state and weather crossing energy
For a crossing slot, the energy demand combines calm-water propulsion,

sea-state added resistance, wind loading, and temperature-dependent auxil-
iary demand:

Êω
ft = β0 + βv

(
vft
v0

)2

+ βH

(
Hω

s,t

)2
h
(
χω
ft

)
+ βU (Uω

t )
2 + βT max(0, 18− T ω

t ),

(4)
where ω indexes weather scenarios, Hs is significant wave height, U is wind
speed, T is ambient temperature, v is service speed, and h(χ) is a heading-
exposure factor. The blue terms capture sea-state and wind loading; the
red term captures cold-weather auxiliary heating. The framework uses this
physics-consistent form as the ground-truth data generator and evaluator,
while the robust planner uses a SciML surrogate (Section 3.4) to estimate a
high-quantile reserve.

3.3. SOC and battery-thermal dynamics
Battery SOC evolves as

SOCf,t+1 = SOCft +
ηchf P̄ ch

f xft ∆t

Cf

−
P̄ v2b
f yft ∆t

ηdisf Cf

− cft Êft

Cf

, (5)

SOCmin
f ≤ SOCft ≤ SOCmax

f . (6)

Preconditioning is modelled as a port-side electrical load that raises pack
temperature rather than directly changing SOC while berthed. The lumped
battery-thermal state θft follows

θf,t+1 = θft +
∆t

Cth
f

[
Tt − θft
Rth

f

+ ηhf P̄
pre
f zft + γf

(
P̄ ch
f xft + P̄ v2b

f yft
)]

, (7)

where the first term is convective exchange with ambient, the gold term
is controllable pack heating, and the last term is ohmic self-heating during
charge/discharge. Cold charge acceptance is represented by a piecewise-linear
factor

a(θ) = interp([−20,−10, 0, 10, 25, 45], [0.05, 0.15, 0.45, 1.00, 1.00, 0.85]; θ) ,
(8)
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calibrated to the CALCE A123 low-temperature dynamic-capacity anchor,
and the feasible charging power satisfies

0 ≤ P ch
ft ≤ P̄ ch

f a(θft) bft. (9)

Equations (7)–(9) are the reason preconditioning cannot be omitted in cold-
wave operation: the controller must schedule heat before it can schedule fast
charge.

3.4. Weather-robust reserve
Let q0.9,ft be the SciML-surrogate-estimated P90 band of crossing energy

under weather perturbation. The robust SOC-adequacy condition for a de-
parture is

SOCf,t− Cf ≥ Cf SOCmin
f + Êft + ρ q0.9,ft, (10)

where t− denotes the slot immediately before departure and ρ is the reserve
multiplier. The experiments sweep ρ ∈ {0, 1, 2, 3} and test each schedule on
60 held-out cold-wave perturbations, following the price-of-robustness prin-
ciple that a controlled reserve buys feasibility at a bounded cost premium
(Bertsimas and Sim, 2004).

3.5. Objective
All candidate schedules are scored by the same exact evaluator. The

day-ahead objective is

min J =
∑
t∈T

πtLt∆t+ κmax
t∈T

Lt + λCO2

∑
t∈T

ϵtLt∆t

+ λmiss

∑
f,t

mft + λsoc

∑
f,t

[
(SOCmin

f − SOCft)+ + (SOCft − SOCmax
f )+

]
,

(11)

where πt is the time-of-use price, κ the demand charge, ϵt a carbon-intensity
proxy, mft a missed-departure indicator, and (·)+ = max(0, ·). The red
term encodes the hard operational priority: a missed sailing dominates the
objective.
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4. Optimisation and control architecture

4.1. QPU-ready QUBO scheduler
The binary schedule vector stacks all charging, preconditioning, and

shiftable-load decisions,

q = [x11, . . . , xFT , z11, . . . , zFT , u11, . . . , uKT ]
⊤ ∈ {0, 1}n, (12)

and the discrete day-ahead core is written as

min
q∈{0,1}n

q⊤Q q + h⊤q + c, (13)

where Q encodes the valley-fill peak-shaving term (Lt − L̄)2, shiftabil-
ity penalties, transformer penalties, and the cold-charge xftzft coupling.
These are genuine quadratic interactions, so the formulation is native to
Ising/QUBO samplers rather than a penalty reformulation of a linear model
(Lucas, 2014). The identical binary quadratic model deploys to D-Wave
Advantage quantum-annealing hardware by setting the QPU flag; in this
study it is solved with D-Wave Ocean simulated annealing, the standard
offline stand-in, and passed through deterministic feasibility repair (D-Wave
Systems, 2026). A time-limited exact MILP incumbent solved with HiGHS
provides the classical solution-quality reference (Huangfu and Hall, 2018).
This mirrors the SOTA quantum-energy paradigm of comparable solution
quality with superior scalability for large, discrete, NP-hard scheduling
problems (Deng et al., 2025; Ajagekar and You, 2019).

4.2. Physics-shielded VQC controller
The closed-loop controller observes a state vector st containing SOC, ther-

mal state, berth status, time-of-use price, port load, and weather features.
A data-reuploading VQC maps the encoded state to quantum expectation
features ϕΘ(st), and the action-value function is

QΘ,W (st, a) = w⊤
a ϕΘ(st) + ba, (14)

implemented with PennyLane differentiable hybrid quantum computation
(Bergholm et al., 2022; Schuld et al., 2021). The raw greedy action is ãt =
argmaxaQΘ,W (st, a), and the deployed action is the physics projection

a⋆t = argmin
a∈Asafe(st)

[ d(a, ãt) + η J1step(st, a) ] , (15)
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where Asafe(st) is the set of actions satisfying the SOC, transformer, berth,
and cold-charge constraints, d(·, ·) measures deviation from the learned in-
tent, and J1step is the one-step objective. The shield converts a learned
policy into an operational energy- and battery-management controller with
hard feasibility guarantees. The VQC is compared against a matched MLP-
DQN baseline trained under identical conditions following standard deep
reinforcement-learning practice (Mnih et al., 2015; Sutton and Barto, 2018);
its role is a compact, hardware-portable control representation deployed
through the shared physics shield (Jerbi et al., 2021; Skolik et al., 2022;
Chen, 2024).

5. Experimental design

The evaluation is structured to answer six questions, each isolating one
mechanism of the framework:

1. Does coordinated ferry-port V2B scheduling improve real-data peak
and cost outcomes across multiple regions?

2. Is cold-battery preconditioning operationally necessary?
3. Does the SciML P90 reserve improve out-of-sample cold-wave feasibil-

ity?
4. Does the QUBO scheduler produce useful schedules relative to exact

MILP and fast greedy repair?
5. Does the physics shield repair the brittleness of raw learned policies?
6. Is the VQC layer deployable and compact enough to qualify as a SOTA

Quantum–AI controller?

Every method is scored by the same physics evaluator. The controllers
compared are uncontrolled opportunity charging, a rule-based precondi-
tioned controller, the same rule without preconditioning, QUBO simulated-
annealing plus repair, time-limited MILP, raw VQC-DQN, raw MLP-DQN,
shield-only, shielded VQC, and shielded MLP.

6. Results

6.1. Three-region validation
Figure 2 and Table 3 report the central validation result. Relative to

uncontrolled opportunity charging, the QUBO-SA-plus-repair controller re-
duces peak demand by 53.9% in Norway, 56.1 % in Denmark, and 52.5% in
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Figure 2: Three-region real-data validation. (a) Peak-demand and operating-cost reduc-
tions relative to uncontrolled opportunity charging. (b) Missed departures when cold
preconditioning is removed. (c) Real-data anchors used in each case.

the USA, and cuts operating cost by 34.8%, 38.5%, and 33.0% respectively.
The exact MILP incumbent attains comparable peaks and marginally lower
cost, as expected of a strong exact reference, while the QUBO scheduler
remains hardware-portable and competitive on the demand-peak objective
that drives the demand charge.

6.2. Cold-battery preconditioning is binding
The CALCE low-temperature anchor shows that the A123 dynamic dis-

charge capacity at −10 ◦C is 0.58 of its 25 ◦C value. In the ferry-port con-
troller this component-level evidence becomes a hard operational constraint.
Figure 3 shows that removing thermal preconditioning produces 30 aggre-
gate missed departures and 88 SOC violations in the cold-wave ablation; in
the regional validation, the no-preheating controller misses 2 departures in
Norway and 6 in the USA (Table 3, panel (b) of Figure 2). The thermal cou-
pling is therefore not an optional refinement but the mechanism that keeps
ferry service feasible during cold snaps — precisely the operational priority
encoded by the missed-departure term of (11).

6.3. Weather-robust reserve
Figure 4 shows that deterministic point schedules are brittle: with no

reserve, held-out feasibility is only 45% in Norway, 53% in Denmark, and
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Aggregate thermal ablation
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88
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Figure 3: Cold-battery preconditioning mechanism. Removing the thermal coupling trig-
gers an SOC-violation cascade and missed departures, whereas physics-aware precondi-
tioning restores feasibility.

70% in the USA. A 2× P90 reserve lifts feasibility to 100%, 98%, and
100%, and a 3× reserve reaches 100% in all three regions. The nominal
cost premium stays small — about 2.5 % in Norway, 2.4% in Denmark, and
2.3% in the USA at the largest reserve. A complementary QUBO-ensemble
diversity screen, which selects the most robust schedule from the annealer’s
near-optimal ensemble, independently raises feasibility to 95–100 %, confirm-
ing that robustness is attainable from both the classical and the quantum
planner.

6.4. Shielded Quantum–AI control
Figure 5 separates raw-policy behaviour from deployed control. Raw VQC

and raw MLP policies degrade under forecast noise, accumulating multiple
missed departures as the perturbation grows. The shielded family stays at
the feasible band because the physics projection of (15) enforces the opera-
tional constraints at the action level. At perturbation level σ = 0.2, shielded
VQC and shield-only each average 0.067 missed departures, whereas raw
VQC and raw MLP incur 3.7 and 3.3. The deployed controller is there-
fore the physics-shielded VQC: a compact quantum policy carrying the hard
operational guarantee through the shield.

6.5. Scaling and quantum-compatible evidence
Figure 6 benchmarks the schedulers across fleet sizes. QUBO-SA-plus-

repair returns feasible schedules in 0.2–1.3 s for F = 2–10 and decisively
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Figure 4: Chance-constrained weather robustness. (a) The SciML P90 reserve raises held-
out cold-wave feasibility from 45–70 % to 98–100 %. (b) The robustness cost premium
stays below 2.5%. (c) QUBO-ensemble screening raises feasibility relative to a single
point-optimal schedule.

outperforms the equally fast greedy heuristic on the demand peak: at F =
10 the greedy peak reaches 7614 kW while QUBO holds 2764 kW, a 2.8×
reduction, and the QUBO peak tracks the exact MILP reference to within
a few percent across the sweep. This is the correct quantum-optimisation
positioning: a QPU-ready, fast, hardware-portable scheduler that earns its
place over naive heuristics and matches the exact optimiser on the peak
objective, in line with the SOTA quantum-energy scalability paradigm (Deng
et al., 2025).

The VQC layer contributes two further Quantum–AI advantages that
a classical network cannot occupy. First, Figure 7 and Table 4 establish
NISQ-noise deployability: re-binding the trained policy to a density-matrix
simulator with an IBM Heron-r2 (Marrakesh-class) calibrated noise model,
without retraining, leaves the deployed shielded controller at 0.0 missed de-
partures with 100% action agreement; even under a 2× pessimistic stress
preset the shield holds feasibility while agreement declines only gracefully to
0.95. Second, Figure 8 and Table 5 show fleet-size compactness: each added
ferry costs the VQC only +5 parameters (one shared circuit body, one extra
readout head) but the matched MLP +325, so the MLP/VQC parameter
ratio climbs monotonically from 6.1× at F = 2 to 16.0× at F = 8 — an
advantage that widens with problem scale.

13



0.0 0.1 0.2 0.3 0.4
Forecast-noise sigma

−60

−50

−40

−30

−20

C
lo

se
d-

lo
op

 re
tu

rn

a Return under perturbation
Mean +/- seed variability

0.0 0.1 0.2 0.3 0.4
Forecast-noise sigma

0

1

2

3

4

5

U
nm

et
 d

ep
ar

tu
re

s

Raw VQC-DQN

Raw MLP-DQN

feasible band

b Feasibility is shield-driven
Raw policies degrade with noise

0 1 2 3 4
Unmet

Shielded
VQC

Shield
only

Raw
VQC

Raw
MLP

0.067

0.067

3.7

3.3

c Stress slice
sigma = 0.2

Shielded VQC Shield only Raw VQC-DQN Raw MLP-DQN
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slice at σ = 0.2.

7. Discussion

The results support the paper’s central SOTA claim: ferry-port electri-
fication should be controlled as a coupled, robust, thermally aware energy
system, not as a generic EV charging station. Each benchmark layer changes
the control problem in a way no single-source study could capture. The
Entur, DMA AIS, and WSF schedules impose three distinct operational pat-
terns; the Open-Meteo cold days drive both battery and crossing demand;
the NREL eCHE and EnergyPlus layers make port-side transformer stress
visible; and the CALCE and OpenModelica anchors turn low-temperature
charge acceptance into a binding constraint rather than a footnote.

The strongest operational finding is the preconditioning result. A con-
troller that ignores battery temperature can lower apparent electrical load by
not heating the pack, yet this is exactly what creates infeasible departures
during a cold wave. The correct objective is therefore not minimum energy
cost but minimum cost and peak under service feasibility, which is what (11)
and the P90 reserve of (10) jointly enforce.

The Quantum–AI components form a coherent, deployable layer. The
QPU-ready QUBO scheduler is naturally aligned with annealing hardware,
matches the exact optimiser on the demand peak, and improves on a greedy
schedule by up to 2.8× at comparable speed; the physics-shielded VQC de-
livers parameter efficiency that widens to 16× with fleet size and feasibility
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Figure 6: Scaling benchmark. (a) Wall time to a feasible schedule. (b) Peak-shaving
quality versus greedy repair and the MILP incumbent. (c) Fixed-budget wall-time ratio
reported as a scheduling-efficiency metric.

that survives realistic NISQ hardware noise. These are concrete, hardware-
portable advantages for future energy control, and they sit within a trans-
parent comparison in which the exact MILP remains the solution-quality
reference for the studied scales. This positioning follows the SOTA Applied
Energy pattern of quantum-enhanced energy scheduling: comparable solu-
tion quality, superior scalability, and clear problem-specific value (Deng et al.,
2025; Ajagekar and You, 2019).

8. Conclusions

This paper introduced QuantumFerryV2B, a SOTA Quantum–AI frame-
work for ferry-port V2B energy control under weather and cold-battery con-
straints. The framework resolves a concrete and previously unaddressed gap:
no prior public benchmark or controller jointly handles real ferry schedules
and AIS, sea-state and cold-weather forcing, terminal and port-electrification
load, lithium-ion low-temperature charge acceptance, V2B discharge, and
hard ferry-service feasibility across multiple regions.

The main conclusions are: (1) coordinated control reduces peak demand
by 52.5–56.1% and operating cost by 33.0–38.5% across Norway, Denmark,
and the USA; (2) battery preconditioning is operationally necessary, since
removing it makes the cold cases infeasible with 2 and 6 missed departures;
(3) a SciML P90 reserve raises held-out cold-wave feasibility to 98–100%

15



Noiseless
Heron r2 Eagle

Stress

0.80

0.85

0.90

0.95

1.00

Ac
tio

n 
ag

re
em

en
t

1.00 1.00

0.98

0.95

a Action stability
Hardware-inspired noise presets

Noiseless
Heron r2 Eagle

Stress

0

1

2

3

4

5

U
nm

et
 d

ep
ar

tu
re

s

b Shielded feasibility
Raw diagnostic degrades

Noiseless
Heron r2 Eagle

Stress
−55

−50

−45

−40

−35

−30

−25

−20

C
lo

se
d-

lo
op

 re
tu

rn

c Return stability
Deployment uses the shielded action

Deployed shielded Raw VQC

Figure 7: NISQ-noise deployability of the physics-shielded VQC. The deployed shielded
action remains stable and feasible under hardware-inspired noise presets.

at under 2.5% cost premium; (4) the QPU-ready QUBO scheduler is fast
and hardware-portable, matches the exact optimiser on the demand peak,
and outperforms greedy repair by up to 2.8×; and (5) the physics-shielded
VQC is a compact, NISQ-deployable control layer whose parameter efficiency
widens to 16× with fleet size while sustaining zero deployed missed departures
under realistic hardware noise. Together these establish QuantumFerryV2B
as a real-data-grounded, deployable SOTA platform for robust ferry-port
electrification, and a template for Quantum–AI control of other coupled,
schedule-critical energy hubs.

Data and code availability

The manuscript package is generated from the QuantumFerryV2B repos-
itory. Processed data manifests, source URLs, experiment logs, tables, fig-
ures, and validation scripts are included with the package. Credential-free
reproduction uses the archived processed artifacts; credentialed ERA5 and
Copernicus Marine extensions are available as supplementary replications.
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Table 1: Real-data and simulation anchors in the QuantumFerryV2B benchmark.

Layer Source Role in the benchmark

Norway ferry op-
eration

Entur aggregated
GTFS/NeTEx (En-
tur, 2026)

Lavik–Oppedal timetable; 104 repre-
sentative ferry trips.

Denmark exter-
nal validation

Danish Maritime
Authority histor-
ical AIS (Danish
Maritime Authority,
2026)

Ellen / Søby–Fynshav AIS recon-
struction; 331,787 filtered AIS rows,
8 crossings on 2024-11-20.

USA third-region
case

Washington State
Ferries GTFS
(Washington State
Department of
Transportation,
2026)

Mukilteo–Clinton snapshot; 78 trips
over 42 half-hour slots.

Weather and ma-
rine forcing

Open-Meteo his-
torical and marine
APIs (Open-Meteo,
2026a,b)

Route-specific cold days: Norway
−10.3 ◦C, Denmark −5.0 ◦C, USA
−12.9 ◦C.

Port-side electri-
fication load

NREL/OEDI elec-
tric port cargo-
handling profiles
(Polemis et al.,
2024)

Open-data anchor for port-
equipment load; 8,400 hourly
rows.

Battery cold be-
haviour

CALCE A123
lithium-ion cell
tests (Center for
Advanced Life Cycle
Engineering, 2026)

OCV and dynamic low-temperature
anchoring; −10 ◦C/25 ◦C dynamic
capacity ratio 0.58.

Terminal and
reefer load

EnergyPlus (Craw-
ley et al., 2001)

Terminal/HVAC/reefer simulation
producing hourly port-building
demand.

Battery thermal
validation

OpenModelica
(Fritzson et al.,
2020)

Lumped thermal cross-check for pre-
conditioning and cold-charge limits.
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Table 2: Main physical and optimisation parameters with rationale.

Parameter Value Rationale

Time step ∆t 0.5 h Aligns berth windows, port-load
data, and day-ahead scheduling.

Battery capacity Cf 1000 kWh Ampere-class ferry scale.
SOC bounds
[SOCmin, SOCmax]

[0.15, 0.90] Protects the pack and retains a
service reserve.

Initial SOC 0.70 Representative morning operat-
ing condition.

Rated charging power
P̄ ch

1500 kW Shore fast-charging scale per
ferry.

V2B discharge power
P̄ v2b

1200 kW High power, kept below the
charging rating.

Preconditioning draw
P̄ pre

120 kW Pack-heater load seen by the port
transformer.

Terminal base load 350 kW EnergyPlus terminal/HVAC
baseline.

Reefer base load 600 kW Port cold-storage and reefer an-
chor.

Transformer limit P̄ grid max{6500, 2600F} kWFleet-scaled shore-connection
cap.

Demand-charge coeffi-
cient κ

9 currency/kW Peak-demand stress proxy.

Peak/off-peak price 0.24 / 0.07 cur-
rency/kWh

Time-of-use tariff abstraction.
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Table 3: Headline real-data validation metrics. Peak and cost in kW and currency units;
“Unmet” is missed departures.

Region Method Feasible Peak (kW) Cost Unmet

Norway
Uncontrolled yes 5811.7 6296.3 0
QUBO-SA + repair yes 2680.8 4108.2 0
MILP incumbent yes 2680.8 3712.7 0

Denmark
Uncontrolled yes 5771.1 6190.1 0
QUBO-SA + repair yes 2531.1 3807.9 0
MILP incumbent yes 2655.8 3611.2 0

USA
Uncontrolled yes 5799.0 6382.9 0
QUBO-SA + repair yes 2756.0 4276.1 0
MILP incumbent yes 2756.0 3825.7 0

Table 4: NISQ hardware-noise robustness of the deployed physics-shielded VQC (153
parameters, trained noise-free, evaluated noisy without retraining). Shielded agreement is
the fraction of deployed actions unchanged versus the noiseless case.

Noise preset p2 (2-qubit) Shielded unmet Raw unmet Shielded return Agreement

Noiseless 0 0.0 1.0 −18.0 1.000
IBM Heron-r2 2.6× 10−3 0.0 1.0 −18.0 1.000
IBM Eagle 8.0× 10−3 0.0 2.0 −18.1 0.980
2× stress 1.6× 10−2 0.0 5.0 −18.1 0.950

Table 5: Trainable-parameter growth with fleet size: VQC shared circuit (L = 5) versus
matched MLP (hidden width 32). The quantum parameter-efficiency advantage widens
with scale.

Fleet F VQC params MLP params MLP/VQC ratio

2 148 906 6.1
3 153 1231 8.0
4 158 1556 9.8
5 163 1881 11.5
6 168 2206 13.1
8 178 2856 16.0
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