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Abstract

An improved availability — dependability — capability (ADC) assessment framework is
proposed for evaluating the mission effectiveness of solar-powered unmanned surface
vehicles (USVs) under the coupled effects of hardware state transitions and stochastic
energy supply. Within the availability and dependability dimensions, a joint state space
is constructed that couples hardware condition states with battery state of charge (SOC).
A Monte Carlo simulation driven by real solar irradiance data is used to derive the initial
probability distribution and the dynamic state transition matrix. In the capability
dimension, a hierarchical index system is established, and a hierarchical Criteria
Importance Through Intercriteria Correlation (CRITIC) method is introduced to achieve
objective weighting that accounts for inter-index correlations across multiple levels. Case-
study calculations for a typical task profile yield a baseline mission effectiveness of
approximately 0.661934. Comparative analysis reveals that neglecting the dynamic
evolution of the energy state overestimates effectiveness by 38.94%, whereas ignoring
random hardware failures produces a deviation of roughly 9.48%. These findings indicate
that, while energy-state dynamics impose the dominant constraint on mission
performance, the contribution of hardware degradation remains substantial. The
concurrent influence of both limiting factors confirms the necessity of an assessment
framework that explicitly integrates hardware and energy states, as developed in this
work.

Keywords: availability—dependability—capability (ADC) model; Monte Carlo simulation;
CRITIC method; solar-powered unmanned surface vehicle

1. Introduction

Solar-powered unmanned surface vehicles (USVs) harness renewable energy and
offer long-endurance autonomous operation, positioning them as increasingly important
maritime intelligent platforms. Equipped with diverse mission payloads, they hold
considerable promise for applications such as ocean environmental monitoring and wide-
area reconnaissance [1,2]. Accurate assessment of their mission effectiveness is essential
for equipment demonstration, mission planning, and performance optimization.

The availability—dependability—capability (ADC) model, proposed by the Weapon
System Effectiveness Industry Advisory Committee, has been widely adopted in
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unmanned system effectiveness evaluation owing to its conceptual clarity and rigorous
structure [3]. However, the model reduces the system state to a binary operational/failed
representation and relies on a subjectively assigned capability vector. As a result, it cannot
objectively capture real-world effectiveness under multi-factor coupling [4]. This
limitation is particularly critical for solar-powered unmanned surface vehicles (USVs).
The effectiveness of these platforms depends strongly on intermittent solar input and on
system states that evolve dynamically over the mission course in response to complex
ocean environments.

Previous efforts to construct the availability vector have focused on the effectiveness
evaluation of marine unmanned aerial vehicles (UAVs), conventional UAVs, and
underwater gliders. These studies typically characterize the system state as binary
(operational or failed) and derive the initial state probability directly from static reliability
data. This approach has established a practical foundation for effectiveness analysis [5-7].
Despite this progress, the binary state representation inherently overlooks the impact of
real-time energy reserve on mission readiness. Discrete energy state modelling has
demonstrated clear advantages in fault-tolerant UAV mission management and multi-
battery energy system reconfiguration [8,9]. In these contexts, it captures the influence of
energy dynamics on mission capability. Its application in the effectiveness evaluation of
energy-dependent unmanned marine systems, however, remains unexplored. To address
this gap, the present work introduces an availability vector that simultaneously accounts
for hardware state and battery state of charge (SOC). Energy level is discretised according
to solar energy replenishment and mission power consumption, so that the initial state
probability reflects both the failure rate and the actual energy state.

Previous efforts to construct the capability vector have focused on aggregating
multidimensional performance indicators through subjective weighting methods. These
studies commonly adopt the Analytic Hierarchy Process (AHP) to synthesize diverse
performance metrics. Bi et al. [10], for instance, integrated AHP with interval-valued
evidential reasoning to develop a weapon system effectiveness assessment method,
establishing a practical decision-making framework. Despite the utility of such expert-
driven approaches, their reliance on subjective judgement limits objectivity and
reproducibility, particularly when indicators exhibit substantial information overlap and
conflict. The CRITIC (Criteria Importance Through Intercriteria Correlation) method has
demonstrated clear advantages in handling inter-criteria correlations in reservoir
evaluation, ship risk assessment [11,12], and marine diesel engine optimization [13,14]. In
these applications, it objectively resolves conflicting multi-criteria interactions to produce
reproducible, data-driven evaluations. Its application in the effectiveness modelling of
energy-dependent unmanned systems, however, remains unexplored. To address this
gap, the present work introduces a hierarchical CRITIC-based weighting scheme for the
capability dimension of the ADC framework. Indicator weights are derived from the
contrast intensity and conflict measured across criteria, yielding a fully data-driven
capability vector that eliminates subjective assignment.

By integrating these two modelling advances, this study develops an improved ADC
effectiveness assessment framework that explicitly captures the coupled dynamics of
hardware condition states and stochastic solar energy supply. The principal contributions
are summarized as follows:

e A joint state-space modelling approach: The traditional binary “normal/failed”
assumption is replaced by a hardware-energy joint state space in both the
Availability and Dependability dimensions. This enables the initial availability
vector and dynamic state transition matrix to be solved via a Monte Carlo simulation
driven by real solar irradiance data, thereby eliminating the artificial assumption of
a static initial battery state.
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e  Objective capability weighting: A hierarchical mission capability index system is
established, and a hierarchical CRITIC method is introduced to achieve objective
weighting. This scheme resolves multi-criteria conflicts among capability indicators
while eliminating the subjectivity inherent in traditional empirical or expert-based
assignment methods.

¢ Quantitative isolation of dynamic coupling effects: Through comparative scenario
analysis, the independent impacts of energy-state dynamics and random hardware
failures on mission effectiveness are quantitatively decoupled, providing direct
numerical evidence for the relative contribution of each limiting factor. The results
quantitatively demonstrate that dynamic energy attenuation is the dominant
performance constraint for this class of energy-dependent unmanned marine
platforms, yet the contribution of hardware degradation remains substantial. Taken
together, these results confirm that both limiting factors must be explicitly integrated
within the assessment framework.

The remainder of this paper is organized as follows. Section 2 details the basic
principle of the ADC model and its specific improvements. Section 3 elaborates the entire
process of mission effectiveness modelling, including state-space construction, Monte
Carlo solution, and hierarchical CRITIC weighting. Section 4 presents a case study with
simulation results and comparative analysis. Section 5 discusses the implications,
limitations, and conclusions of this work.

2. ADC Model and Its Improvement
2.1. Basic Principle of the ADC Model

The ADC model expresses system effectiveness as the product of the availability
vector A, the dependability matrix D, and the capability vector C:

E=A-D-C 1)

The model decomposes effectiveness E into three elements: the initial availability
probability A at the start of a mission, the state dependability D during the mission, and
the capability C to accomplish the mission objective in each state.

For long-endurance solar-powered USVs, mission effectiveness depends critically on
both intermittent solar energy supply and system state evolution in complex ocean
environments. Conventional methods cannot capture the dynamic interactions between
energy availability and system state, nor can they construct an objective and accurate
capability matrix. To address these limitations, this study adapts the ADC model to build
an assessment framework that explicitly couples hardware condition states with
stochastic energy supply.

2.2. Improved ADC Model
2.2.1. Improvement of the Availability Vector

The conventional availability vector accounts solely for hardware states. Suppose the
system can reside in n discrete hardware states; the availability vector is then expressed
as Age. = [a4,ay, ..., a,], where a; denotes the probability that the system is in state i at
the start of a mission [15]. The improved availability vector simultaneously considers the
hardware state and the initial energy level. Let the number of hardware states be n;, with
the state set ' = 1,2, ..., n,. The battery state of charge (SOC) is discretized into n, levels,
with the state set € = 1,2, ...,n,. The joint state space is defined as S = H X €, and the
total number of states is

N =ny,-n, (2)
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The improved availability vector A is then given by A = (ay1,a12, -, Anyn,)1xn -
where a; ; is the probability that the system is in hardware state i and SOClevel j at the

mission start.

2.2.2. Reconstruction of the Dependability Matrix

The dependability matrix D describes the probabilities of the system transitioning
from initial states to other states during mission execution, and its dimensions must be
consistent with the state space of the availability vector A [16]. Since the availability vector
has been extended from a single hardware state to a hardware-energy joint state, the
dependability matrix must correspondingly be expanded from an n-order matrix that
describes only hardware failure transitions to an N-order matrix describing joint state
transitions:

D= [ds—>s’]N><N 3)

2.2.3. Improvement of the Capability Vector

The capability vector C represents the inherent ability of the system to accomplish its
mission in each hardware state. For a solar-powered USV, mission capability degrades
continuously with the battery SOC and requires a multidimensional comprehensive
evaluation; consequently, a constant value assignment and subjective empirical weighting
are no longer applicable. The capability vector is reconstructed as follows: dimensionally,
C is extended from n to N dimensions to match the joint state space; in terms of
assignment logic, the capability value of each state is differentiated according to the
energy level; and for weighting, objective weighting principles are introduced to replace
traditional subjective methods. Detailed modelling and weighting procedures are
presented in Section 3.3.

The core modelling assumptions of the improved ADC framework are summarized
below, together with their rationales and principal limitations. First, the hardware system
is represented by a binary operational/failed state set, with failures treated as irreparable
within a single mission; this simplification is consistent with practical engineering
scenarios, because typical mission durations are substantially shorter than the mean time
to repair, and both the MTBF and MTTR parameters fall within the ranges widely adopted
in reliability studies of small marine unmanned platforms. Second, constant base and
mission load profiles are used so that the analysis focuses on the coupling between
hardware state transitions and energy evolution rather than on dynamic power
fluctuations induced by variable sea states. Third, the continuous battery SOC is
discretised into five equal intervals, balancing state characterization accuracy against
computational efficiency. Fourth, Gaussian random noise with a relative standard
deviation of 5% is superimposed on typical meteorological year hourly irradiance data to
capture short-term solar fluctuations in coastal waters. These simplifications are
introduced to ensure analytical tractability and to keep the study focused on the core
coupling mechanism between hardware health and energy status; at the same time, they
define the applicable boundaries of the current model. The binary hardware abstraction
does not capture graded component degradation or degraded operation under partial
faults. The fixed-load assumption may deviate from actual dynamic power consumption
under high sea states. The discretised SOC scheme introduces inherent quantisation error
and cannot resolve fine-grained state evolution. The Gaussian noise formulation cannot
fully represent abrupt irradiance variations caused by extreme weather events. These
boundaries are inherent to the modelling strategy adopted here and point to directions
for further refinement in future work.
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3. Effectiveness Modelling and Evaluation of Solar-Powered USVs
3.1. Joint State Space Construction and Availability Modelling
3.1.1. Joint State Space Construction

The initial state of a solar-powered USV before a mission is jointly determined by
hardware state and battery SOC. The hardware state is classified into two categories:
operational (H;) and failed (H,). Their probabilities are determined by the mean time
between failures (MTBF) and the mean time to repair (MTTR):

PeH - MTBF
(H) = MTBF + MTTR @)
PeH = MTTR
CON MTBF + MTTR

The battery SOC ranges from 0 to 1. Introduce (n, — 1) thresholds such that 0 =
0y <0 <+ <0On,_1 <0p, =1; the j-th energy level E; corresponds to SOC € [6;_4,6)),
j=12,..,n, . Here we set n,=5 with thresholds 6,=0,8, =0.2,0, =0.4,60; =
0.6,6, = 0.8,05 = 1. Thus the energy levels from high to low are: E; [0.8, 1], E; [0.6, 0.8),
E; [0.4,0.6), E, [0.2,0.4), E5 [0, 0.2). The joint state space comprises 10 states, ordered by
hardware priority: the first five states are hardware-normal with descending energy
levels, X, = (Hy, E1), X, = (Hy,E), ..., X5 = (Hy, E5); the last five are hardware-failed with
descending energy levels, Xy = (H,, E1), ..., X190 = (Hz, E5).

3.1.2. Monte Carlo Simulation for the Initial Probability Distribution

Before receiving a mission, the USV may undergo a stochastic standby or pre-
deployment period during which hardware failures and repairs can occur, and the initial
SOC becomes random owing to fluctuating solar irradiance. A Monte Carlo simulation
procedure is therefore adopted to derive the initial joint state probability distribution [17-
20].

The overall Monte Carlo framework is illustrated in Figure 1. First, system
parameters are set, including battery rated capacity Ey,;, charging/discharging efficiencies
Nen and ngis, SOC limits SOCp,, and SOCyq,, standby power load Pyangpy, maximum
charge/discharge powers Pgymax and Pyigmax , hardware reliability parameters
MTBF/MTTR, and total simulation duration Tj,. Typical meteorological year (TMY)
hourly irradiance data are loaded and perturbed with random noise: Iperturbed(t) =
Ity (1) [1 + €(t)] with €(t) ~ N(0,0.052), then converted to photovoltaic (PV) power
generation F,,(t) via a PV model [21,22]. With the total number of simulation runs set to
Ny, each run executes the hardware state simulation submodule(which generates failure
state arrays) and the energy management submodule (which updates the SOC stepwise);
the final SOC and hardware state after a warm-up period are recorded [23,24]. After all
runs, the frequencies f; of each joint state are tallied and normalized to obtain the initial
probability, i.e., the initial availability vector A.

https://doi.org/10.3390/jmse14131209
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Figure 1. Flowchart of the overall Monte Carlo simulation framework.

The hardware state simulation submodule (Figure 2) initializes the current time and
system state as “normal.” If the current state is normal, a time-to-failure T, ~
exp (1/MTBF) is generated; the failure onset time t; =t + Ty is computed. If ¢y < T}, the
normal state persists until t; and then transitions to the failed state; otherwise, normal
operation continues until T, . If the current state is failed, a repair time T, ~
exp (1/MTTR) is generated; the repair completion time t, = t; + T, is calculated. If ¢, <
Ty, the failed state lasts until ¢, and then reverts to normal, updating the current time to
the next discrete step; otherwise, the failed state persists until T,. The output is a
hardware state sequence at each discrete time step.
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Figure 2. Flowchart of the hardware state simulation submodule.

The energy management submodule operates as follows. The system collects real-
time PV output power and load consumption power, and determines the battery
charging/discharging mode according to the power difference.

When B, > P4, the system enters the charging mode, and the surplus power
charges the battery under the constraints:

(AE = (Ppy = Pioaq) x At

E;=AExn,

Eremaining = (SOCpnax — SOC) x Epy
Echarge = min(Et/ Eremainingr p chmax % At)'

E charge
Ebat

s.t. <

©)

SOC, ey = SOC +

where AE is the surplus energy in the simulation step At, E, is the theoretical chargeable
energy accounting for efficiency, Eiemaining iS the remaining capacity the battery can
accept, and Egarge is the actual charged energy subject to the three upper bounds; the
SOC is then updated.

When F,, < Piq, the PV output cannot meet the load demand, and the system
switches to discharging mode:

https://doi.org/10.3390/jmse14131209



J. Mar. Sci. Eng. 2026, 14, 1209 8 of 25
AE = (Pigag — Ppy) X At
E AE
= —
T]dis
s.t. Eavailable = (SOC - SOCmin) x Ebat , (6)
Edischarge = min(Ef/ Evailabler Pdismax * At)
Eg;
SOCnew =SOC — discharge
Ebat

where AE is the energy deficit, E; is the theoretical required discharge energy after
efficiency, Eqaitble i8 the available capacity, and Egjscharge 18 the actual discharged energy
constrained by the three lower bounds; the SOC is then updated [25,26].

3.2. Dynamic Dependability Modelling and Transition Probability Solution
3.2.1. State Transition Process Analysis

System state transitions arise from the coupled evolution of stored energy and
random changes in hardware condition. The hardware state alternates stochastically
between normal and failed conditions: upon failure, the load is degraded and
photovoltaic generation is suspended. A critically low SOC triggers protective shutdown.
The resulting one-step transition probability matrix D exhibits a strictly upper-block-
triangular structure:

D

L3 bul g
The subscript H denotes hardware-normal states and F hardware-failed states. The
submatrix Dyy captures the internal evolution among energy levels under normal
hardware conditions; Dy represents the one-way transition channel from normal to
failed states; and Dpr describes energy-level migration under failed hardware. The zero
block in the lower-left corner reflects the physical constraint that, within a single mission,
a hardware failure is irreparable and the system cannot return to a normal state; it can

evolve only within the failure-state group.

3.2.2. Monte Carlo Solution of the Transition Probability Matrix

Using the mission duration Tpsion @s the simulation horizon and the availability
vector A as the initial distribution for sampling, transition frequencies from each initial
state s to each final state s’ are tallied to obtain the transition probability:

d r(T - )= nS*S’(Tmission)
s—s’ Ulmission ZS/ Ng_.g/ (Tmission)

)

3.3. Capability Modelling and Hierarchical CRITIC Weighting
3.3.1. Index System Construction

Based on the typical mission requirements of a solar-powered USV, a hierarchical
mission capability index system is established, as illustrated in Figure 3 [27,28]. Five
second-level capability indicators (m = 5) are defined: maneuvering capability, detection
and identification capability, on-site evidence acquisition capability, communication and
data transmission capability, and autonomous reconnaissance and collaboration
capability. Each second-level indicator comprises several quantifiable third-level
indicators, totaling p = 19.

https://doi.org/10.3390/jmse14131209
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Figure 3. Mission effectiveness evaluation index system of the solar-powered USV.

For any joint state X, the comprehensive capability value is the linear weighted sum
of the dimensionless scores of the second-level indicators:

c= X0 A -PY, ©)

where 1, is the weight of the k-th second-level indicator, and Pk(s) is its dimensionless
normalized score in state s (range [0, 1]).

The dimensionless value of a second-level indicator is synthesized from its
subordinate third-level indicators:

PIES) = ZvEQk Wy 'Y (10)

sv’
where . is the set of third-level indicators under the k-th second-level indicator, w, is

the local weight of the third-level indicator, and yy, is its standardized value.
The overall capability can be expressed directly using global weights:

P
¢, :Z w(vglobal) v (11)
v=1
where wﬁgk)bal) is the global weight of the third-level indicator, obtained by multiplying

its local weight with the weight of the superior second-level indicator. The capability
values for all states form the capability vector C = (cy,¢3, ..., cy)"

3.3.2. Indicator Normalization and Hierarchical CRITIC Weighting

The min-max normalization method is employed to eliminate dimensional
differences. For a benefit-type indicator:

Xg, — Minxg,
S

Yo~ Ty — i (12)

maxxs, — minx,,
S S

For a cost-type indicator:

https://doi.org/10.3390/jmse14131209
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maXXgy — Xgy
s

Ysv = maxxsy — msinxsz, (13)

When a second-level indicator subsumes constant indicators, these are grouped with
variable indicators under a strategy of equal-weight base allocation with sensitivity
analysis. The base weight of each constant indicator is determined by equally
apportioning the total weight among all third-level indicators in that second-level
category; a sensitivity scan over the constant indicators” weights is then performed to
verify the robustness of the capability vector C. Only data from executable mission states
are used in the weight calculation, with zero values from low-energy and failed states
excluded, thereby ensuring that the weights objectively reflect the relative importance of
the indicators.

For the p, third-level indicators under the k-th second-level indicator, the CRITIC
method proceeds as follows [29]:

(1) Calculate the standard deviation (contrast intensity) of the v-th indicator:

N
1 _\2
%= mzl(ysv =7,) (14

(2) Calculate the indicator conflict (mean absolute correlation coefficient):

1
o pk—_lszu| (15)

wW#V
where 1, is the Pearson correlation coefficient between indicators v and w.

(3) Calculate the information content:

G,=0-(1-p,) (16)
(4) Determine the local weight:
G <
o= T, Yyl 17)
z:uil G” v=1

The second-level indicators are then treated as composite indicators. Their scores in
each state are calculated via Equation (10), and the CRITIC method is reapplied to obtain
the second-level weights A,. Global weights are synthesized by multiplying the local
weights by the corresponding second-level weights and substituting the result into
Equation (11) to yield the comprehensive capability value for each joint state. For normal
states in which the energy level falls below the effective operational threshold and for all
hardware-failed states, the USV cannot accomplish the specified mission owing to
insufficient battery power or hardware failure; in accordance with engineering practice
and to ensure a conservative and reliable evaluation, the capability value for these states
is uniformly set to zero.

4. Case Study and Discussion
4.1. Simulation Parameters and Scenario Settings
4.1.1. Simulation Location and Meteorological Data

Simulations are performed for the Wanshan sea area in the northern South China Sea
(21.94° N, 113.65° E). Solar energy input is derived from the hourly solar irradiance

https://doi.org/10.3390/jmse14131209



J. Mar. Sci. Eng. 2026, 14, 1209

11 of 25

sequence for this region over 2021-2023, with superimposed Gaussian random
perturbations [30].

4.1.2. USV Platform Parameters and Mission Capability Indicators

The simulation considers a typical inshore solar-powered USV. The basic physical
platform parameters and simulation conditions are listed in Table 1, and the mission
capability benchmark indices under different energy states are given in Table 2.

Table 1. Basic simulation and platform parameters of the solar-powered USV.

Parameter Symbol Value Unit Parameter Symbol Value Unit
Photovoltaic Area Apy 27  m? Maximum Charging Power i 042 kW
Photovoltaic Efficiency Moy 021 — Maximum Discharging Power P 035 kW
MPPT Efficiency Myppr 096 — Base Load Ppase 0.096 kW
Battery Capacity Epat 41 kWh Task Load Pk 0.100 kW
Minimum SOC SOC,;, 0.0 — Fault Load Prittoas 0.0 kW
Maximum SOC SOC,ux 1.0 — Average Failure Interval Time MTBF 1000 h
Charging Efficiency N 0.93 — Average Repair Time MTTR 85 h
Discharging Efficiency M 0.96 — Initial SOC SOC;t 0.5 —

Table 2. Original parameters of mission capability indices under different energy states.

Second-Level

Initial State

. Third-Level Indicator Unit Remarks
Indicator X, X, X3 X,
L 1
Cruise Speed kn 22 2.0 1.7 13 ower speed saves energy at lower
S0C
. Maximum Range (Solar Only) n mile 700 550 380 190 Relies on solar power
Maneuvering Maximum Range (Hybrid Smaller reduction with hybrid
Capability ge Y nmile 1480 1420 1350 1050 ) Y
Propulsion) propulsion
Energy Self-Sustainment days d 15.5 11.5 7.5 3.0 Decreases with energy level
Turning Radius m 32 32 32 32 Constant
Visible-Light Detection Range km 4.2 3.2 2.2 1.2 Drops sharply at low energy
Visible-Light Identification Range km 1.40 0.70 0.45 0.18 Same trend
Detec.tl.on e.md Infrared Detection range km 2.6 21 1.6 11 Insufficient cooling degrades
Identification performance
Capability Infrared Identification range km 1.15 0.95 0.75 0.45 Same as IR detection
Radar Detection Range (RCS=1m? km 24 1.9 1.4 0.9 Same trend
Radar Detection Range (RCS=0.1 m?) km 2.0 1.5 1.0 0.6 Same trend

On-site Evidence

Visible-Light Image Resolution

pixel 1920 x 1080 1680 x 1050 1280 x 800 640 x 480 Resolution degrades stepwise

Acquisition Infrared Image Resolution pixel 1280 x 1024 1152 x 864 800 x 600 512 x384 Reduced resolution at low energy
Capability Storage Capacity TB 2 2 2 2 Ultra-low-power storage; constant
Communication Maximum Communication Distance km 14 1 7 4 Transmit power decreases with
and Data (Line-of-Sight) energy
T o
PANSOUSSION R eal-time Transmission Bandwidth Mbps 2.8 1.8 0.9 0.4 Energy-saving and noise reduction
Capability
Autonomous _ Pre-programmed Route Waypoints points 140 140 90 40 Degraded operation at low energy
Reconnaissance Maximum Number of Collaborative vessels 7 5 3 1 Collaboration energy decreases
and Vessels
Collaborati i i
o O%a. o Abnormal Target Alarm Delay s 85 85 105 125 Processing delay increases at low
Capability energy

4.2. Solution of the Availability Vector

To eliminate transient errors arising from the initial simulation conditions, a one-year
(8760 h) warm-up procedure was implemented. This enabled the coupled energy-
reliability system of the USV to detach from the initial constraints and settle into a natural
steady state. After the warm-up, the mean and standard deviation of the daily mission-
start SOC were tracked over a subsequent continuous 730-day mission period (Figure 4).
The black curve corresponds to the time series of single-day initial SOCs; the steady-state

https://doi.org/10.3390/jmse14131209
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mean of 0.19525 is markedly distinct from the artificially prescribed initial value of 0.5
(Figure 5). The red curve represents the standard deviation sequence, which levels off at
an average of 0.01854, indicating a fluctuation amplitude that is exceedingly low. These
results demonstrate that, following the full warm-up period, the system has completely
shed the influence of the initial SOC assignment and reached a long-term energy
equilibrium. This equilibrium is dictated jointly by the insolation environment, load
power, and hardware reliability constraints. The small standard deviation further
confirms that energy fluctuations under steady state are tightly bounded and that the
system operates in a highly stable regime. Accordingly, all subsequent effectiveness
evaluations, probability statistics, and state transition matrix calculations are based on this
post-warm-up steady-state initial distribution, thereby rigorously ensuring the objectivity
and engineering credibility of the assessment outcomes.

soC

——0

Aosk o~ gt waﬂ
g | i A Aiis 1.2
E’/n 0.6 H H’f m “MJ ﬂl‘\ ﬂh I Td Ho.6 %
LT T |
E 0.4 F * i 1 ' 1 T +0 40.4 _§
& J* U V“Uﬁi “h . é% ; TM MH; #
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0.0 Mﬂ' ﬁ“E“'*s"Gi\.:}"’W‘u“\\"‘/\" \u'”g\a;w Q‘&\Vf 0.0
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Figure 4. Time variation in daily initial SOC and its standard deviation during the statistical period.

40 F Probability Density

35
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Probability Density

10 |

0
0. 16 0. 19525 0. 24 0.32 0.40 0.48
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Figure 5. Probability density function of initial SOC derived from 1000 Monte Carlo repetitions.

Convergence verification based on 1000 Monte Carlo repetitions is presented in
Figures 6 and 7. Both the mission-start average SOC and the system availability stabilize
rapidly as the number of iterations increases. Specifically, the sliding-window coefficient
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of variation decays monotonically toward zero. This statistically confirms that 1000 runs
provide sufficient convergence and that the derived initial probability distribution is
robust for subsequent modelling.
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Figure 6. Convergence curves of SOC mean and system availability under multiple simulations.
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Figure 7. Convergence characteristic of the sliding-window coefficient of variation.

Based on the steady-state validation and convergence checks, raw occurrence counts

of hardware—energy joint states are tallied across the 1000 converged simulation trials and

normalized to derive the steady-state probability distribution (Figure 8). The resultant

distribution features a dominant peak at state X;, followed by a secondary local

maximum around X,. Probabilities decline gradually from X; toward X5 and drop

sharply for states X¢—X;,. This overall distribution is consistent with the steady-state

behaviour expected from the initial parameter settings of the system.
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Figure 8. Probability distribution of the hardware—energy combined steady states.

The resulting initial availability vector is:

A = [0.259655,0.209397,0.130339,0.185589,0.134712,
0.022510,0.018526,0.011168,0.016655,0.011449]

(18)

These statistical results indicate that, under steady state, the system hardware
availability reaches approximately 91.97%, while the failure proportion is approximately
8.03%; concurrently, energy levels remain stably within the medium-to-high range. This
distribution closely matches the initial parameter settings of the system.

In summary, the warm-up debiasing, convergence verification, and probability
statistics together yield an availability vector that eliminates initial transient errors,
faithfully reflects the steady-state characteristics of the USV mission, and supplies a
credible, high-precision input for subsequent mission-effectiveness calculations.

4.3. Solution of the Dependability Transition Probability Matrix

For a typical mission duration of 10 h (08:30-18:30), the steady-state availability
vector A is taken as the initial distribution. Transition frequencies of the joint states are
counted via Monte Carlo simulation under the same irradiance and platform parameters,
with the task load applied. After normalization, the 10th-order transition probability
matrix D is obtained:

(19)

Figure 9 presents the mean heatmap of the transition matrix D. The matrix is
diagonally dominant, indicating that within a single task step the system has the highest
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probability of remaining in its current state, which reflects robust operational behaviour.
In the bottom-right fault subspace, the probability is strongly concentrated on the
diagonal. This demonstrates that once a fault occurs, the system ceases photovoltaic
power generation and persists in the faulty state, consistent with the model formulation.
The bottom-left submatrix, which governs transitions from faulty to healthy states, is
entirely zero, confirming at the data level that hardware faults are irreversible over short-

duration missions.
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Figure 9. Mean heatmap of the combined state transition probability.

Figure 10 presents the standard-deviation heatmap of the joint-state transition
probabilities, computed from 1000 independent stochastic simulation runs. The ensemble-
averaged standard deviation across all transition entries is only 0.00748. This uniformly
low statistical dispersion confirms the numerical stability and convergence of the derived
transition probability matrix. It further demonstrates that the proposed modelling
framework yields statistically robust and credible estimates of transition probabilities.
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Figure 10. Standard deviation heatmap of the combined state transition probability.

The Frobenius norm convergence curve (Figure 11) demonstrates that the norm error
decays rapidly and stabilizes at 1000 runs, confirming sufficient sample size.

Frobenius norm error

.06 -

Convergence error (Frobenius norm)
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0.00 B - L B e e e
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Figure 11. Global convergence error curve based on the Frobenius norm.

4.4. Solution of the Capability Vector

After min-max normalization, all indicators are mapped to [0, 1]. The normalized
matrix Y for the 19 third-level indicators under the four normal operating states X;-X,
serves as the basis for hierarchical CRITIC weighting and capability synthesis.
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1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

r | 09091 0.7857 0.9595 0.7419 1.0000 0.7619 0.5000 0.8077 0.8261 0.7917

107727 05429 09122 04839 1.0000 0.5238 03214 0.6154 0.6522 0.5833

0.5909 0.2714 0.7095 0.1935 1.0000 0.2857 0.1286 04231 0.3913 0.3750
1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
0.7500 0.8507 0.7594 1.0000 0.7857 0.6429 1.0000 0.7143 1.0000
0.5000 04938 0.3662 1.0000 0.5000 03214 0.6429 0.4286 0.5000
0.3000 0.1481 0.1500 1.0000 0.2857 0.1429 0.2857 0.1429 0.0000

(20)

The rows of the matrix correspond to the energy states X;,X,,Xj3,X,, respectively,
while the columns correspond to the tertiary evaluation indicators in Table 2.

Taking “Maneuvering Capability” as an example, its five third-level indicators
include four variable ones and one constant (turning radius). Applying the CRITIC
method described in Section 3.3, the weights for the variable indicators are summarized
in Table 3.

Table 3. CRITIC weights of variable indicators under maneuvering capability.

. . Standard Average Correlation Information Gain CRITIC
Third-Level Indicator L. . . .
Deviation o, Coefficient p_ G, Weight
Cruise speed 0.1780 0.7378 0.1866 0.1786
Maximum Range (Solar 0.3140 0.7332 0.3351 0.3207
Only)
Maximum Range (Hybrid 0.1290 0.7080 0.1506 0.1442
Propulsion)
E 1f-Sustai t
nergy Self-Sustainmen 0.3458 0.7308 0.3724 0.3564

Days

The local weights are assigned as: variable indicators share 4/5 = 0.8 of the total
weight, distributed according to their CRITIC weights; the constant indicator receives 1/5
= 0.2. The final local weights are listed in Table 4.

Table 4. Local weights of third-level indicators for maneuvering capability.

Third-Level Indicator Local Weight w,
Cruise Speed 0.1429
Maximum Range (Solar Only) 0.2566
Maximum Range (Hybrid Propulsion) 0.1154
Energy Self-Sustainment Days 0.2851
Turning Radius 0.2000
Total 1.0000

Following the same procedure, calculate the local weights for the third-level
indicators under each second-level indicator; the summarized results are presented in
Table 5.
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Table 5. Local weights of tertiary indicators under each secondary indicator.

Secondary Indicator Tertiary Indicator Local Weight
Cruise Speed 0.1429
Maximum Range (Solar Only) 0.2566
Maneuvering Capability Maximum Range (Hybrid Propulsion) 0.1154
Energy Self-Sustainment Days 0.2851
Turning Radius 0.2000
Visible-Light Detection Range 0.1682
Visible-Light Identification Range 0.2341
Detection and Identification Infrared Detection Range 0.1358
Capability Infrared Identification Range 0.1483

Radar Detection Distance (RCS =1 m?) 0.1471
Radar Detection Distance (RCS = 0.1 m?) 0.1665

isible-Light I Resoluti 332
On-Site Evidence Acquisition Visible-Light Image Reso u tion 0.3328
. Infrared Image Resolution 0.3338

Capability ,

Storage Capacity 0.3333
Communication and Data Maximum Communication Distance 0.4543
Transmission Capability Real-Time Transmission Bandwidth 0.5457
Autonomous Reconnaissance Pre-programmed Route Waypomts 0.2828
and Collaboration Capabilit Max number of collaborative vessels 0.3213
P Y Abnormal target alarm delay 0.3959

Using the local weights of the tertiary indicators from Table 5 and applying Equation
(10), the scores of the secondary indicators under various conditions are calculated. The
results are summarized in Table 6.

Table 6. Scores of secondary indicators under different normal states.

. Detection and  On-Site Evidence Communication and Autonomous
. Maneuvering cps e eps - .
Condition Capability Identification Acquisition Data Transmission Reconnaissance and
Capability Capability Capability Collaboration Capability
X3 1.0000 1.0000 1.0000 1.0000 1.0000
X5 0.8538 0.7187 0.8700 0.7078 0.9082
X3 0.6929 0.5127 0.6200 0.4026 0.5175
Xy 0.4911 0.2988 0.4327 0.2078 0.1267
Based on Table 6 and using the CRITIC objective weighting method described in
Section 3.3, the final objective weights of the secondary indicators are determined. The
results are summarized in Table 7.
Table 7. Weights of secondary indicators.
Secondary Indicator Standard Average Correlation Information CRITIC
Deviation g, Coefficient p_ Gain G, Weight
Maneuvering Capability 0.4293 0.7908 0.4492 0.1901
Detection and Identification Capability 0.4264 0.7843 0.4599 0.1947
On-Site Evidence Acquisition Capability 0.4471 0.7908 0.4677 0.1980
Communication and Data Transmission Capability 0.4389 0.7851 0.4717 0.1996
Autonomous Reconnaissance and Collaboration 0.4580 07755 0.5141 02176

Capability
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By weighting and combining the secondary indicator weights with the
corresponding local weights of the tertiary indicators, the global weights of the tertiary
indicators are determined. The results are summarized in Table 8.

Table 8. Global weights of tertiary indicators.

Secondary Indicator Tertiary Indicator Global Weight
Cruise Speed 0.0272
Maximum Range (Solar Only) 0.0488
Maneuvering Capability (0.1901) Maximum Range (Hybrid Propulsion) 0.0219
Energy Self-Sustainment Days 0.0542
Turning Radius 0.0380
Visible-Light Detection Range 0.0327
Visible-Light Identification Range 0.0456
. o . Infrared Detection Range 0.0264
Detection and Identification Capability (0.1947) Infrared Identification Ragnge 0.0289
Radar Detection Distance (RCS = 1 m?) 0.0286
Radar Detection Distance (RCS = 0.1 m?) 0.0324
Visible-Light Image Resolution 0.0659
On-Site Evidence Acquisition Capability (0.1980) Infrared Image Resolution 0.0661
Storage Capacity 0.0660
Communication and Data Transmission Capability Maximum Communication Distance 0.0907
(0.1996) Real-Time Transmission Bandwidth 0.1089
Autonomous Reconnaissance and Collaboration Pre-programmed Route Waypomts 0.0615
Capability (0.2176) Max number of collaborative vessels 0.0699
Abnormal target alarm delay 0.0862
Total 1.0000

Using the method described in Section 3.3, the system capability vector is obtained
as:

C =[1.0000,0.8134,0.5472,0.3062,0,0,0,0,0,0]"

The constant indicators have already obtained non-zero global weights during the
weighting process. To quantitatively analyze the disturbance effect of these indicator
weight fluctuations on the capability evaluation ranking and effectiveness assessment
conclusions, this paper proposes four scenarios with varying weight perturbations for
sensitivity analysis.

Scenario A (Base Case): The constant indicators retain their original weight
assignments.

Scenario B (Low Constant Weight Case): The total weight of the constant indicators
is reduced to 50% of their original value, while the weights of the other variable tertiary
indicators are proportionally increased to maintain overall weight normalization.

Scenario C (High Constant Weight Case): The total weight of the constant indicators
is increased to 150% of their original value. The weights of the other variable tertiary
indicators are proportionally decreased to keep the overall weight normalized.

In this scenario, the system’s capability is calculated solely based on the variable
indicators.

Scenario D (No Constant Weight Case): The influence of the constant indicators is
completely eliminated, similar to the traditional CRITIC objective weighting method. The
comprehensive system capability values for scenarios X;~X, are calculated under each
of the four weight schemes. The statistical results are presented in Table 9.
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Table 9. Comparison of capability values under different weights of constant indicators.

Condition Scenario A (Base) Scenario B (Low Constant) Scenario C (High Constant) Scenario D (Zero Constant)

Xi

1.0000
0.8134
0.5472
0.3062

1.0000 1.0000 1.0000
0.8035 0.8233 0.7936
0.5211 0.5733 0.4950
0.2661 0.3464 0.2259

As shown in Table 9, under each set of weight perturbations, the ranking of capability
values remains stable, consistently satisfying

Xl >X2>X3>X4 (21)

with no significant fluctuations in the difference between them.

In Scenario A (baseline), X1 yields a capability score of 1.0000 and remains invariant
across all weight-perturbation scenarios. The score of Xz is 0.8134 in Scenario A. It
decreases slightly to 0.8035 in Scenario B (low constant weight), rises slightly to 0.8233 in
Scenario C (high constant weight), and falls to 0.7936 in Scenario D (zero constant weight),
yielding an overall fluctuation within +2.4%. X3 has a baseline score of 0.5472 and varies
between 0.4950 and 0.5733 across the four scenarios, a fluctuation somewhat wider than
that of Xz; its relative ranking, however, remains unchanged. X is the most sensitive to
weight changes. Its baseline score of 0.3062 drops to 0.2259 in Scenario D and increases to
0.3464 in Scenario C, exhibiting the largest numerical variation among the four schemes.
Nevertheless, it consistently holds the lowest capability ranking in all scenarios.

These sensitivity results confirm that the relative ranking of capability scores is stable
under different weight perturbations, demonstrating strong robustness. Thus, the
proposed hierarchical CRITIC weighting method effectively captures the intrinsic
importance of the indicators, and the resulting effectiveness evaluation is not strongly
sensitive to the pre-assigned weights of the constant indicators. Owing to the weighted
aggregation logic of the model, and to the fact that the state transition and steady-state
distribution matrices inherently favour high-energy scenarios, adjusting the constant-
indicator weights produces only a linear scaling of the effectiveness results for each
scheme. The relative effectiveness hierarchy among both schemes and scenarios remains
unchanged.

In summary, the baseline scenario constructed in this work is robust in its parameter
settings and stable in its evaluation outcomes. It therefore provides a reliable foundation
for subsequent effectiveness projection and scheme comparison.

4.5. Efficiency Calculation

Based on the ADC model framework and by substituting the numerical results
obtained from Sections 4.2 to 4.4, the baseline task efficiency is calculated as:

E=0.661934 (22)

To quantitatively isolate the independent contributions of energy state dynamics and
hardware random failures to efficiency evaluation, two control simulation scenarios are
established:

Scenario One: Only hardware failures are considered, with energy dynamics
excluded. It is assumed that the battery’s state of charge (SOC) does not decrease
throughout the mission, all normal hardware operates at peak capacity, and the logic and
probability of hardware failures remain unchanged. Under these assumptions, the
efficiency is calculated as:
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5
EnoEnergy = Z Ai x 1.0000 (23)
i=1

=0.919692 x 1.0000 = 0.919692
Scenario Two: Hardware random failures are ignored (only energy dynamics are
considered). It is assumed that the hardware system is absolutely reliable throughout the
mission and no failure transitions occur. Using the simulation framework developed in
this paper, a Monte Carlo simulation is rerun to obtain the energy level distribution at the
initial moment of the mission when the hardware is in a normal state. After normalization,
the initial state vector is obtained:

Aporm =[0.282384  0.227307 0.140491 0.202596 0.147222] (24)

A 5x5 credibility submatrix that includes only energy transitions between normal
states is constructed:
1.0000 0.0000 0.0000 0.0000 0.0000
0.8880 0.0540 0.0579 0.0000 0.0000
Dpp=10.4482 0.4017 0.1126 0.0374 0.0000 (25)
0.0000 0.0740 0.4548 0.3855 0.0858
0.0000 0.0000 0.0435 0.3134 0.6431
The task capability vector consists of the first 5 components of the original capability
vector C that correspond to the normal hardware state, denoted as:

Cpr =[1.0000,0.8134,0.5472,0.3062,0] (26)
Substituting these values into the efficiency calculation formula:
ENoFailure = Anorm*DunCu = 0.724717 (27)

By comparing the differences between the three scenarios, the independent impacts
of “energy state dynamics” and “hardware random failures” on the efficiency of the solar-
powered unmanned boat can be quantitatively analyzed.

When energy-state dynamics are ignored, the evaluated mission effectiveness
reaches 0.919692, which is 38.94% above the baseline value. This substantial
overestimation demonstrates that neglecting real-time SOC attenuation and adopting a
fixed full-energy assumption markedly exaggerates the operational capability of solar-
powered USVs. Ongoing onboard power consumption gradually depletes stored
electrical energy, while intermittent solar photovoltaic generation cannot fully offset the
cumulative energy deficit over the mission horizon. Time-varying energy evolution thus
constitutes the dominant constraint on overall mission performance.

Excluding random hardware failures yields an effectiveness value of 0.724717,
corresponding to a 9.48% upward deviation from the baseline result. At a steady-state
hardware failure proportion of approximately 8%, this non-negligible failure rate
eliminates the mission contribution of all affected subsystems. The gap between the 9.48%
and 38.94% deviations reflects the dominant constraint imposed by dynamic energy
depletion, not the insignificance of hardware effects. Hardware degradation therefore
introduces a tangible negative contribution to mission effectiveness that cannot be
disregarded, even though it is secondary to energy-induced performance reduction. This
finding further reinforces the necessity of integrating both hardware health and battery
SOC within the proposed ADC evaluation framework.

4.6. Discussion on Framework Scalability

Beyond the solar-powered USV case validated in this study, the proposed joint state-
space ADC evaluation framework is designed for cross-platform transferability to other
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renewable-energy-operated marine vehicle systems. This transferability stems from the
decoupling of the core effectiveness evaluation paradigm from the specific energy supply
form.

Architecturally, the framework comprises a general underlying layer and a
replaceable energy layer. The general underlying layer integrates the binary-state
hardware reliability modelling method, the unified joint state-space construction logic,
the ADC three-dimensional effectiveness calculation procedure, and the hierarchical
capability weighting scheme. These components serve renewable-energy unmanned
marine platforms independently of the energy input form. The replaceable energy layer
encompasses the renewable-energy input stochastic model and the energy state transition
rules, and can be tailored to the energy conversion characteristics of different power
supply modes, avoiding repeated redevelopment of the core evaluation architecture.

For wind-powered unmanned surface vehicles, the primary adjustment is replacing
the solar irradiance stochastic model with a wind-speed random process model and
revising the power generation calculation according to the wind turbine power curve; the
hardware state modelling, SOC state transition mechanism, and capability evaluation
system can be inherited directly. For wave-energy-powered marine platforms, the wave
energy capture power model must be reconstructed to match the wave height and period
distribution characteristics, and the energy state discretisation interval should be adjusted
to account for the lower energy density and stronger output fluctuation. For marine
vehicles with hybrid renewable energy systems such as solar-wind complementary
power supply, the core evaluation framework is retained, but multi-energy cooperative
scheduling logic must be added in the energy state transition step, and supplementary
indicators such as energy supply stability should be introduced in the capability
dimension to capture the complementary benefits of multiple energy sources.

This transferability allows the framework to extend beyond a single energy form
toward a unified mission effectiveness evaluation system for multiple types of renewable-
energy marine unmanned platforms. In engineering practice, the framework can provide
a consistent quantitative benchmark for comparing alternative renewable-energy power
supply configurations, particularly during the conceptual design and scheme evaluation
stage of new marine unmanned platforms.

5. Conclusions

This study addresses the coupled constraints that dynamic hardware condition and
time-varying stochastic energy supply jointly impose on the mission effectiveness of solar-
powered USVs. An enhanced ADC evaluation framework is developed, built upon a
novel joint state-space model that integrates hardware condition and battery SOC. In
contrast to the binary healthy/faulty state simplification of conventional ADC theory, the
proposed unified state space jointly encodes hardware condition and discretised battery
SOC. This enables precise quantification of energy-coupled performance degradation
throughout mission execution.

Using measured regional solar irradiance data, a Monte Carlo simulation
incorporating an extended warm-up procedure is implemented to compute the steady-
state initial joint-state probability distribution for the availability vector. This approach
eliminates the arbitrary assignment of a preset initial SOC and endows the availability
calculation with physically meaningful input. The derived state transition matrix couples
stochastic hardware failure occurrences with continuous battery charge-discharge
dynamics. Numerical simulations verify three properties central to the modelling
assumptions: the irreversibility of in-mission hardware failure; the tendency of the SOC
distribution and subsequent state transitions to shift toward medium and low energy
ranges; and the statistical independence of hardware failure probability from onboard
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energy reserves. A three-layer evaluation indicator system comprising five secondary and
nineteen tertiary metrics is established for the capability dimension. An improved
hierarchical CRITIC weighting algorithm is employed to achieve fully objective indicator
weighting, free from expert subjective bias. Sensitivity tests confirm that state-specific
mission capability declines monotonically with decreasing SOC, that all hardware-failed
states result in complete loss of execution capability, and that minor perturbations of the
constant-indicator weights do not alter the inherent ordering of state capability. These
results collectively affirm the robustness of the proposed capability quantification scheme.

Several limitations should be considered when interpreting these findings. First, the
binary-state irreparable reliability model is a simplified abstraction of actual hardware
behaviour; it does not capture multi-component graded faults, gradual performance
degradation, or degraded operational modes under partial system failures. Second, the
quantitative analysis was conducted on a single small solar-powered USV platform, and
the relative contributions of energy attenuation and hardware failure may differ for
platforms with different load levels, PV-to-hull area ratios, and energy storage capacities.
Third, the simulation is driven by typical meteorological data from the Wanshan sea area,
and mission effectiveness characteristics will vary across sea areas with distinct irradiance
patterns and marine environmental conditions. These constraints define the applicable
scope of the present findings, and targeted parameter calibration is required before
generalizing to other scenarios.

Future work will focus on introducing a state-output feedback mechanism to bridge
the gap between effectiveness evaluation and operational control, thereby forming a
closed-loop system for mission execution. Real-time system states, including battery SOC,
hardware health status, and photovoltaic power generation, will serve as feedback
outputs transmitted to the onboard energy management controller and mission
scheduling system. Based on the real-time effectiveness level derived from the evaluation
model, the controller will dynamically adjust sailing speed, payload power, and route
planning. When the energy state is sufficient and the hardware is healthy, mission
intensity will be increased to maximize mission return; when the SOC drops below a
threshold or a hardware degradation trend is detected, non-essential loads will be shed
and sailing speed will be reduced to suppress further performance degradation. Through
this closed-loop mechanism of real-time state perception, effectiveness evaluation,
feedback regulation, and state updating, the adverse effects of energy depletion and
random hardware failures on mission accomplishment can be actively mitigated, rather
than merely assessed after the fact.

Building on this foundation, the research will be extended in two complementary
directions. First, the modular joint state-space ADC framework will be adapted to other
renewable-energy-operated marine vehicle systems, including wind-powered and wave-
powered unmanned platforms, by reconstructing the corresponding energy input
stochastic models and state transition rules. Second, the reliability model will be refined
by incorporating graded hardware degradation and time-varying marine environmental
disturbances to improve the precision of state perception and feedback adjustment. The
framework will also be validated across additional platform types and sea areas to
enhance its practical applicability and generalisability.
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