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Abstract

In response to the increasing operational complexity of inland waterway systems, this study
develops a multi-objective optimization framework for ship lock scheduling under energy-
consumption and resource constraints. The model evaluates five operational dimensions,
namely average waiting time, lock utilization, total energy consumption, arrival reschedul-
ing rate, and berth-overcapacity penalty. Based on historical lockage records from the
Da Teng Gorge Ship Lock Hub, four representative multi-objective algorithms—NSGA-II,
NSGA-III, MOEA/D, and SPEA-II—are comparatively examined. The revised analysis
emphasizes trade-off performance rather than unsupported absolute dominance claims:
NSGA-III shows the most balanced overall behavior on the preserved empirical instance,
MOEA/D remains competitive in time-sensitive scenarios, and SPEA-II performs well
in some overcapacity-control settings. To improve methodological transparency, the pa-
per clarifies the physical meaning and source of major parameters, distinguishes mea-
sured quantities from scenario settings, and reports carbon impact as a derived indicator
linked to energy consumption. These revisions provide a more transparent and practi-
cally interpretable basis for intelligent ship lock scheduling under congestion, energy, and
resource constraints.

Keywords: ship lock scheduling; multi-objective optimization; lock utilization; energy
consumption; berth-overcapacity control; inland waterway transport

1. Introduction
1.1. Research Background

Inland waterways serve as vital multimodal transport corridors, fostering regional eco-
nomic integration through their strategic connectivity of industrial clusters, metropolitan
hubs, and international ports. As a critical component of national infrastructure systems,
these waterways leverage the intrinsic advantages of fluvial transportation—notably su-
perior energy efficiency and exceptional bulk cargo capacity. Such characteristics have
cemented their status as a sustainable freight solution, currently handling 47% of global bulk
commodity movements, according to UNCTAD 2023 statistics. The ongoing optimization
of lockage efficiency and channel standardization further amplifies their competitiveness
within modern supply chain networks.
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Take the Da Teng Gorge Ship Lock Hub as the research background. The ship lock is
located in the core navigation section of the West River mainstem in China and serves as a
critical water transport node along the Pearl River-West River Economic Corridor. It has
long faced significant constraints due to high-intensity operations. With the continuous
growth of regional water transport demand, the hub frequently experiences severe con-
gestion during peak navigation periods, characterized by vessels lingering for extended
periods before the ship lock, significantly delaying passage efficiency [1–3]. Although
the hub is a large-scale water engineering facility with sufficient design redundancy for
navigation capacity, current operational conditions, where actual transport volumes far ex-
ceed original design expectations, have resulted in consistently suboptimal lock utilization
efficiency and ineffective realization of its cyclic performance potential. Such structural con-
tradictions lead to efficiency losses across the entire water transport system and undermine
the stability of regional supply chains, particularly in the construction materials sector.

Currently, management authorities are attempting to alleviate navigation pressure
through a “dual-track” strategy, combining infrastructure expansion with intelligent
scheduling optimization. However, from the perspectives of engineering geological con-
ditions and capital investment, constructing large-scale parallel locks in a typical karst
terrain environment poses extremely high technical complexity and fiscal burdens, making
it difficult to implement effective expansion in the short term. Additionally, the current
scheduling mechanism has shortcomings in terms of allocation logic and operational effi-
ciency. The use of lock chambers and navigation channels exhibits high dwell times and low
turnover rates, not only suppressing system operational efficiency but also exacerbating
energy consumption and carbon emissions, thereby adversely affecting the development of
green shipping within the region.

Therefore, the implementation of an intelligent scheduling framework that integrates
real-time ship lockage data and multi-objective optimization techniques—particularly fo-
cusing on environmental and efficiency improvements—has emerged as a critical necessity.

1.2. Literature Review

Under this context, research on inland waterway navigation management, especially
the ship lock scheduling problem (LSP), has become an important topic in transportation
systems and maritime logistics. Recent studies show that the literature is evolving along
several connected streams, including lock scheduling and co-scheduling, disturbance-aware
and appointment-based scheduling, green and low-carbon optimization, data-driven mar-
itime decision support, and multi-objective solution methodologies. Compared with earlier
studies that focused primarily on chamber arrangement or local sequencing, newer re-
search increasingly emphasizes integrated decision-making under congestion, uncertainty,
environmental pressure, and inter-facility coordination.

In the field of lock scheduling and coordinated operation, Ji et al. [4] developed
an adaptive large neighborhood search framework for the generalized lock scheduling
problem, showing that large-scale lockage decisions can be solved effectively by tailored
heuristics. Deng et al. [5] further examined inland-waterway lock congestion from the
perspective of bottleneck theory and introduced a service-time-window model to capture
temporal queuing dynamics. Zhao et al. [6] extended the problem to the co-scheduling of
ship lifts and ship locks at the Three Gorges Dam, indicating that coordinated decisions
across multiple navigation facilities are crucial for reducing system-wide delay. Ji et al. [7]
then proposed a decomposition-based solution framework for the generalized serial-lock
scheduling problem, significantly strengthening the methodological basis for solving large-
scale serial-lock systems. More recently, Zhang et al. [8] investigated optimal scheduling
in inland waterways with serial locks using mixed-integer linear programming, showing
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that large-scale serial-lock coordination can be addressed more rigorously in modern
optimization settings.

Another notable trend is that recent studies no longer assume perfectly punctual ar-
rivals or static operating environments. Liu et al. [9] studied ship appointment scheduling
for lockage operations with non-punctual arrivals and explicitly modeled appointment
adjustment and ship rescheduling. Liu et al. [10] further addressed the ship scheduling
problem based on channel-lock coordination in flood season, where water discharge varia-
tion, anchorage release timing, and coordinated allocation of channel and lock resources
must be considered simultaneously. Gao et al. [11] proposed a congestion mitigation
strategy based on a multi-objective moment bottleneck model, further highlighting the
importance of dynamic traffic management under highly congested inland-waterway
conditions. In addition, Li et al. [12] evaluated lock navigation scheduling rules from
the perspective of multiple stakeholders, suggesting that fairness, safety, and resilience
should also be considered when assessing operational strategies. These studies indicate
that practical lock scheduling is increasingly disturbance-aware, appointment-sensitive,
and connected with upstream and downstream traffic organization rather than limited to
chamber-level sequencing alone.

At the same time, green and low-carbon objectives have become a central issue in
inland waterway optimization. Zheng et al. [13] studied an energy-efficient lock group
co-scheduling problem with ship lifts and approach channels, showing that system-level
energy objectives can be integrated with coordinated navigation decisions. From a broader
inland-waterway perspective, Golak et al. [14] presented a local-search heuristic for opti-
mizing fuel consumption on inland waterway networks, while Defryn et al. [15] showed
that skipper collaboration and joint speed optimization can improve inland-waterway
efficiency. Tadeusz et al. [16] evaluated the impact of various trajectory simplification
methods on the accuracy of ship CO2 emission modeling. Jaewon et al. [17] developed a
statistical prediction model for CO2 emissions based on engine speed under various ship
telegraph modes, and compared it with life cycle assessment (LCA) simulation results.
Yang et al. [18] analyzed the optimal scheduling of vessels passing a waterway bottleneck
by jointly considering delay and bunker-cost trade-offs, and Buchem et al. [19] explored
vessel velocity decisions under uncertainty. Zhang et al. [20] further proposed an opti-
mization method for ship transport capacity structure to alleviate inland-waterway traffic
congestion. Taken together, these studies confirm that energy consumption, fuel cost, and
CO2-related concerns are now key criteria in modern navigation optimization, although
relatively few studies simultaneously consider green objectives, lock resource constraints,
and hub-level operational variability within one unified framework.

A further emerging direction is the combination of scheduling optimization with data
analytics and systems-oriented decision support. Kweon et al. [21] used logical analysis of
data to identify demurrage patterns and hidden inefficiencies in port operations, showing
that real operational data can reveal congestion mechanisms that are difficult to detect using
optimization models alone. Woo et al. [22] proposed a real-time-data-driven multi-objective
decision framework in another application domain, offering a useful methodological
analogy for dynamic decision support under uncertainty. Homayouni et al. [23] reviewed
how digital twins can support sustainability-oriented seaport operations, indicating that
smart maritime systems are moving toward integrated monitoring, scenario simulation, and
optimization. Chen and Cheng [24] analyzed the broader economic consequences of inland
waterway disruptions in a changing climate, reminding researchers that lock congestion
and failures can have impacts far beyond local operations. Calderón-Rivera et al. [25]
also reviewed sustainable inland waterway transport from a wider systems perspective.
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This broader literature helps position ship lock scheduling within the context of smart and
resilient maritime infrastructure rather than as an isolated optimization problem.

From the perspective of solution methodology, recent developments in multi-
objective optimization also provide important support for ship lock scheduling research.
Liu et al. [26] proposed a convergence-diversity balanced fitness evaluation mechanism for
decomposition-based many-objective optimization, improving the trade-off between solu-
tion quality and population diversity. He et al. [27] developed a dynamic reference-point-
based fuzzy relative entropy mechanism for energy-efficient scheduling, illustrating how
advanced fitness design can improve many-objective search performance. Li et al. [28] more
recently proposed an ensemble of neighborhood search operators for decomposition-based
multi-objective evolutionary optimization, reflecting the current trend toward adaptive and
hybridized search strategies. These developments are highly relevant because ship lock
scheduling with waiting time, utilization, energy use, congestion mitigation, and resource
constraints is essentially a complex multi-objective decision problem.

Based on the above review, several research gaps can be identified. First, although
recent lock scheduling studies have substantially improved co-scheduling, rescheduling,
and green optimization, they are still insufficiently connected with data-driven congestion
analytics and systems-oriented decision support. Second, although green shipping has
received increasing attention, relatively few studies jointly consider operational efficiency,
energy-related objectives, and resource constraints in a scalable multi-objective framework
for a real lock hub. Third, stakeholder-oriented concerns such as fairness, resilience, and
rule evaluation have only recently begun to receive attention and are not yet fully integrated
into mainstream lock scheduling models. Accordingly, the present study is positioned
as a bridge between these strands. It focuses on multi-objective ship lock scheduling
under energy-consumption and resource constraints, and compares several Pareto-based
intelligent optimization algorithms. At the same time, explicit CO2 accounting, stronger
fairness formulations, priority-based control, severe disruptions, and infrastructure power
limits remain meaningful directions for future research rather than being fully modeled in
the current version.

Accordingly, the revised manuscript makes the empirical logic more explicit by exam-
ining three working hypotheses.

H1. Algorithms with a stronger many-objective search capability can reduce waiting burden while
maintaining high lock utilization under the same data setting.

H2. An algorithm showing a more balanced trade-off across the five objectives should also display
lower arrival-rescheduling pressure and lower berth-overcapacity pressure.

H3. As scenario scale increases, algorithmic differences become more pronounced, so no single
method should be treated as uniformly dominant across all operating conditions.

2. Problem Description and Model Establishment
2.1. Problem Description

As an important component of the regional water transport system, inland waterway
locks must coordinate traffic efficiency, service reliability, energy use, and environmental
pressure within a constrained operational space. Under high-demand conditions, the Da
Teng Gorge Ship Lock faces concentrated vessel arrivals, limited waiting-area capacity,
and dynamic disturbance factors, all of which increase the difficulty of scheduling. The
schematic diagram of the Da Teng Gorge Ship Lock structure is shown in Figure 1 below.
In this study, the scheduling problem is defined over a discrete decision horizon in which
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arriving vessels may wait in the approach berth area and are then assigned to feasible lock
service slots.

Figure 1. Structural schematic diagram of Da Teng Gorge Ship Lock.

Accordingly, the model focuses on the joint allocation of two types of resources: lock
service capacity and waiting-berth capacity in the approach area. Here, the term “berth”
refers to the waiting berth in the lock approach area rather than to the lock chamber
itself. The berth-overcapacity penalty therefore represents the penalty incurred when the
number of waiting vessels exceeds the available waiting-berth capacity. This distinction is
introduced to avoid the ambiguity between lock number, berth number, and overcapacity
penalty identified in the review comments.

The model is intended to generate a feasible lock scheduling plan for all vessels within
the decision horizon. The optimization simultaneously considers average waiting time, lock
utilization, total energy consumption, arrival rescheduling rate, and berth-overcapacity
penalty, while respecting capacity, service, and operating constraints. The specific ship
scheduling flowchart is shown in Figure 2 below. The purpose is not to claim a universally
optimal dispatching rule, but to provide a decision-support framework that can reveal
trade-offs among efficiency, energy, and resource pressure in a practically interpretable way.

The main modeling assumptions adopted in this study are as follows.

1. Dynamic demand fluctuation.

The number of vessels arriving at the lock is allowed to vary across days and time
slots according to the observed arrival pattern and scenario disturbances. In this sense,
the arrival process is not treated as a fixed deterministic sequence. Instead, historical
variation, appointment deviation, weather-related fluctuation, and other operational dis-
turbances are reflected through scenario-based adjustment of the arrival volume within the
decision horizon.

2. Reduced-order energy-consumption representation.

The energy consumption of the lock system is affected by vessel size, traffic state,
and actual service load. Because high-resolution hydrodynamic and power-measurement
data are not available for every lockage cycle in the preserved dataset, this study adopts a
reduced-order operational representation instead of a fully physical propulsion model. In
the revised manuscript, the energy term is therefore interpreted as a condition-dependent
operational estimate rather than as a universal fixed value per vessel: a baseline energy
coefficient is read together with vessel-size grouping, lock-operation stage, and congestion-
related service intensity. The resulting objective is suitable for comparative scheduling
evaluation under consistent data conditions, although it does not attempt to replace a
detailed hydrodynamic energy model.
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3. Adaptive scheduling-window adjustment.

The scheduling window of the lock system is assumed to be adjustable within the
slot-based decision framework. The adjustment is guided by real-time arrivals, historical
patterns, queue pressure, and lock operating capacity. This assumption is used to reflect
the operational possibility of moderate timing adjustment under congestion, rather than to
imply unrestricted rescheduling freedom.

Figure 2. Flowchart of ship dispatching process at Da Teng Gorge Ship Lock.

2.2. Model Parameters

Definitions of parameters and variables.
For clarity, the key parameters and decision variables are summarized in Table 1. In

the revised manuscript, the average waiting time is defined over all vessels within the
decision horizon rather than over cargo tonnage; the lock-capacity parameters describe the
number of vessels that can be processed by the chamber in one scheduling slot; and the
berth-capacity parameters refer to the waiting-berth capacity in the approach area. This
clarification is intended to strengthen the physical interpretation of the model and reduce
ambiguity in the notation.

To avoid notation-related misunderstanding, the index system is further clarified here.
N denotes the number of days in the decision horizon, and I denotes the number of discrete
scheduling periods within one day. Therefore, the pair (n, i) represents time period i on
day n, rather than the total number of ships over N × I. Similarly, the average waiting
time of all ships means the mean waiting burden of all vessels included in the decision
horizon, whereas the adjusted-arrival variable denotes the number of vessels remaining in
or reassigned to a given period after rescheduling and carry-over effects are considered.
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Table 1. Definitions of parameters and variables for the ship lock scheduling model.

Symbols

f1 Average waiting burden of all vessels within the decision horizon
f2 Ratio of actual serviced vessels to slot-level lock service capacity
f3 Total operational energy associated with vessel service and lock passage over the decision period
f4 Proportion of vessels whose actual service period deviates from the original arrival or appointment period
f5 Penalty incurred when waiting demand exceeds the available approach-berth capacity
N Number of days in the decision horizon
I Number of discrete scheduling periods into which one day is divided

Qni Adjusted number of arriving vessels in period i on day n after rescheduling
Ani Initially observed number of arrivals in period i on day n before rescheduling
Bni Carry-over demand from the previous period or previous day that remains to be serviced
µni Service capacity of period i on day n, measured by the number of vessels that can be processed
ρni Scheduling weight assigned to period i on day n
lmax Maximum number of vessels that can be processed by the lock in one scheduling period
re Baseline energy-consumption coefficient per vessel under the adopted reduced-order operational model

Cberth Maximum number of vessels that can wait in the approach-berth area
Pover Penalty coefficient applied when waiting demand exceeds berth capacity
σB Variance of berth utilization across periods, reflecting the balance of berth use
PB Fairness-penalty function used to discourage concentrated use of only a small subset of berths

yni ∈ R+ Decision variable representing the number of vessels scheduled for service in period i on day n

2.3. Proposed Ship Lock Scheduling Model

Efficient ship lock scheduling should improve lock service efficiency while maintaining
an interpretable balance among time, energy, and waiting-area resource pressure. For this
reason, the model is formulated as a coordinated multi-objective scheduling problem rather
than as a purely throughput-oriented dispatching rule. The revised manuscript places
greater emphasis on the operational meaning of each objective and on the distinction
between measured quantities, management targets, and scenario-based parameters.

The model plans the time and resource allocation of vessels passing through the
lock through mathematical optimization. Its objective is to support decision making
under practical constraints rather than to reproduce every physical detail of lock op-
eration. Accordingly, the formulation is designed to jointly consider waiting burden,
lock utilization, energy expenditure, arrival adjustment, and berth-overcapacity pressure,
while keeping the optimization structure sufficiently clear for algorithmic comparison and
managerial interpretation.

The proposed model is described as follows.
Objective:
To preserve consistency with Pareto-based evolutionary algorithms, the five objective

functions are retained as a genuine multi-objective formulation during optimization. If
managerial preference analysis is required, weighting factors may be introduced only after
the non-dominated solution set has been generated, so that candidate schedules can be
ranked under specific policy preferences without collapsing the optimization problem into
a single-objective surrogate at the search stage.

minF = ω1 f1 + ω2(− f2) + ω3 f3 + ω4 f4 + ω5 f5 (1)

The first objective represents the average waiting time of all vessels within the decision
horizon.

f1 =
1

NI

N

∑
n=1

I

∑
i=1

Qni
µniρni

(2)
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The second objective represents lock utilization and reflects the efficiency of service-
capacity use.

f2 =
1

Nl max∑N
n=1 ∑I

i=1 Qni
(3)

The third objective represents the total energy consumption associated with lock
service and vessel passage under the adopted operational energy model.

min f 3 =
N

∑
n=1

I

∑
i=1

Qni·re (4)

The fourth objective represents the arrival rescheduling rate and describes the devia-
tion between the observed arrival sequence and the implemented service schedule.

min f 4 =
1

NI

N

∑
n=1

I

∑
i=1

|Ani − Qni|
Ani

(5)

The fifth objective represents the berth-overcapacity penalty, that is, the penalty in-
curred when the number of waiting vessels exceeds the available waiting-berth capacity. In
addition, carbon impact is reported as a derived indicator linked to total energy consump-
tion, rather than as a duplicated objective with exactly the same optimization direction.

For reproducibility, Equations (1)–(5) are interpreted as the measures of queueing
burden, service-capacity use, operational energy expenditure, schedule-deviation pressure,
and waiting-area overcapacity, respectively. Equations (7)–(21) then define the feasible oper-
ating region through non-negativity, lock-capacity, berth-capacity, waiting-time benchmark,
daily-throughput requirement, energy benchmark, berth-balance monitoring, no-show tol-
erance, arrival-rescheduling control, and dispatch-continuity conditions. These additions
are intended to make the mathematical formulation easier to read, implement, and verify.

min f 5 =
N

∑
n=1

max(0,
I

∑
i=1

Qni − Cberth)·Pover (6)

Constraints:
The number of ships passing through locks should be non-negative.

Qni ≥ 0, ∀i ∈ I, ∀n ∈ N (7)

The operational efficiency of the locks is between 0 and 1.

0 ≤ µni ≤ 1 (8)

The parameters related to the ship must be non-negative and consistent.

pni ≥ 0 (9)

The number of ships scheduled must not exceed the maximum berth capacity of the lock.

l

∑
i=1

Qni ≤ Cbarth, ∀n (10)
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The number of ships passing through the lock must not exceed its maximum capacity
during each scheduling cycle.

N

∑
n=1

Qni ≤ lmax (11)

A 48 h upper waiting-time target is introduced as a managerial benchmark for scenario
evaluation rather than as a universal physical constant.

1
NI

N

∑
n=1

I

∑
i=1

Qni
µniρni

≤ 48 (12)

A minimum daily service volume of 42 vessels is adopted according to the observed
operating requirement in the study period.

∞

∑
n=1

Qni ≥ 42, ∀i (13)

The 65,000 kWh daily energy ceiling is treated as an operational benchmark used for
dispatch evaluation and sensitivity analysis.

N

∑
n=1

l

∑
i=1

Qni·re ≤ 65, 000 (14)

The variance in berth utilization is monitored in order to reflect the fairness of waiting-
berth usage across the scheduling horizon.

σB =

√√√√ 1
N

N

∑
n=1

(
I

∑
i=1

Qni −
1
N

N

∑
n′=1

I

∑
i=1

Qn′i)2 (15)

The berth-fairness penalty is calculated to discourage persistent concentration of
waiting vessels in only a small subset of available berths.

PB = 20σB (16)

A reservation no-show rate of 20% is used as an upper scenario bound rather than as
a universal empirical constant.

1
NI

N

∑
n=1

I

∑
i=1

|Ani − Qni|
Ani

≤ 0.2 (17)

The arrival-rescheduling rate is constrained to limit excessive deviation between
appointments and actual service order.

1
NI

N

∑
n=1

I

∑
i=1

|Ani − Qni|
Ani

≤ 0.3 (18)

The number of dispatches in each time period must be at least one.

yni ≥ 1, ∀n, i (19)
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The threshold values in Equations (12)–(20) are not treated as immutable physical laws.
In the revised manuscript, they are interpreted as a combination of historical operating
observations, management benchmarks, and scenario settings used for the robustness
evaluation.

|yn+1,i − yni|≤ 10, ∀n, i (20)

Qni =

{
yni, i f Ani − Bni ≥ yni

Ani − Bni + yni, otherwise
(21)

3. Algorithm Design
3.1. Algorithmic Analysis

The ship lock scheduling problem involves multiple conflicting optimization objec-
tives, such as minimizing the average waiting time, maximizing the lock utilization rate,
minimizing the total energy consumption, minimizing the arrival repositioning rate, and
minimizing the penalty for exceeding the mooring capacity. Therefore, it is crucial to use
an efficient multi-objective optimization algorithm to find the optimal scheduling solution
under complex constraints. In this study, four advanced multi-objective optimization
algorithms, namely NSGA-II, NSGA-III, SPEA-II and MOEA/D, are selected and their
optimization performance is analyzed in depth. Among them, NSGA-II is a classical
multi-objective evolutionary algorithm that has been widely used in complex scheduling
optimization problems due to its superior computational efficiency and stable convergence
of the Pareto solution set. Its core idea is to guide the search based on non-dominated
sorting and congestion distance, so as to improve both the quality and the uniformity of
the solution. NSGA-III shows stronger performance in dealing with high-dimensional
objective optimization problems, and has achieved remarkable results in practical appli-
cations such as ship scheduling and stowage optimization. In addition, MOEA/D, as a
decomposition-based multi-objective evolutionary algorithm, shows good convergence
and solution diversity by decomposing multi-objective problems into several subprob-
lems and solving them in parallel. It is suitable for complex scheduling optimization
scenarios [29,30].

3.2. Algorithm Experiment Steps

The NSGA-II algorithm is used as an example to illustrate the implementation of the
algorithm steps, as shown in Figure 3. This algorithm uses a genetic evolutionary mecha-
nism to continuously optimize the scheduling plan during the search process, ensuring that
the final solution set can effectively balance different optimization objectives and provide
an efficient and feasible optimization strategy for ship scheduling [31].

3.2.1. Genetic Algorithm Implementation Steps

Step 1: The scheduling problem is first encoded on the basis of lock assignment,
waiting-berth allocation, and service sequence. The initialization stage specifies the key
operating parameters, including the decision horizon, the number of daily scheduling slots,
lock capacity, waiting-berth capacity, vessel arrival information, and time-related service
data. In the revised implementation, the encoding is designed to remain feasible with
respect to lock-capacity and waiting-area constraints as far as possible before evolutionary
variation is applied.

1. Arrival Berth Scheduling Code: defines vector C(1) = {b1, b2, . . . , bn}, where bj ∈
{1, 2, . . . , B} denotes the berth to which vessel j is assigned.

2. Lock Scheduling Encoding: define vector C(2) = {l1, l2, . . . , ln}, where lj ∈
{1, 2, . . . , L} denotes the lock number to which the ship j is assigned.

https://doi.org/10.3390/systems14050507
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3. Lock Passing Sequence scheduling encoding: use a vector with a length of n alignment
vector C(3) = π{v1, v2, . . . , vn} 1 is used to represent the ship’s lock-passing sequence.

The final chromosome can be represented as a three-dimensional coding string.

Cj =
(

C(1), C(2), C(3)
)
∈ Z3×n (22)

Step 2: After the encoding structure is determined, the initial population is gen-
erated. Each individual represents a candidate scheduling scheme. During initializa-
tion, feasibility checks are applied to reduce obvious violations of berth assignment, lock-
capacity limits, and service timing. Heuristic perturbation rules based on berth load and
vessel-arrival distribution are used to improve diversity while keeping the initial solutions
operationally interpretable.

Step 3: In each generation, a non-dominated ordering is performed on the current
population Pt to partition the set of non-dominated frontier solutions Zt. Based on the
Pareto dominance relation:

∀Ci, Cj ∈ Pt, Ci < Cj ⇔ ∃ fk(Ci) < fk
(
Cj
)
∧ ∀m, fm(Ci) ≤ fm

(
Cj
)

(23)

For the individuals in Zt their five objective function values F
(
Cj
)

are obtained and
combined with Crowding Distance to calculate the fitness, which reflects the dominance
advantage and diversity distribution of individuals in the target space.

Step 4: The non-dominated set Zt are moved_into the next generation of the parent
population Pt+1. If Pt+1 then the crowding degree distance ranking mechanism retains the
most diverse individuals making |Pt+1| = N:

CrowdingDistance(i) =
M

∑
k=1

f (i+1)
k − f (i−1)

k
f max
k − f min

k
(24)

Step 5: Paired individuals are selected from the parent population and subjected to
crossover. The operators are applied to berth allocation, lock assignment, and service
sequence in a coordinated manner so that exploration is improved without destroying the
logical relationship among the three coding segments.

Step 6: Genetic variation (including berth, order & lock assignment variation) is
applied to the offspring population with probability Pm to enhance the global search
capability and prevent from falling into a local optimum.

Step 7: The offspring population Qt+1, generated through crossover and muta-
tion, together with the current parent Pt+1, constitutes the candidate population Rt+1 =

Pt+1 ∪ Qt+1. The iteration continues by constructing a new elite population Pt+1 replacing
the previous generation through non-dominated sorting and crowding assessment.

Step 8: The algorithm terminates when the maximum number of generations is
reached or when the Pareto front becomes sufficiently stable. In the revised framework,
robustness is not treated only as an ex post deletion rule. Instead, candidate schedules
are additionally evaluated under moderate arrival perturbation, no-show, and temporary
capacity-loss scenarios, and the resulting violation penalty is fed back into environmental se-
lection. This setting makes the robustness treatment more consistent with the evolutionary
search process.

TotalCost =
n

∑
j=1

(
cwaitwj + clockuj + cenergyej

)
(25)
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Figure 3. Algorithm experimentation steps.

3.2.2. Vessel Coding Scheme

1. Arrival Berth Dispatch Code

It is represented as a four-row coding matrix:

C(1) =


b1 b2 . . . bn

a1 a2 . . . an

d1 d2 . . . dn

pberth
1 pberth

2 . . . pberth
n

 ∈ Z4×n (26)

Row 1 (berth number): the first j berth to which the vessel is assigned bj ∈ {1, 2, . . . , B}.
Row 2 (time of arrival): aj Indicates the time the vessel arrived at the berth area.
Row 3 (time of departure from berth): dj indicates the expected time of departure from

the berth and can be used to calculate the berth occupancy cycle.
Row 4 (Berth Priority): Pberth

j indicates the ship’s preference/weight for the berth,
which is used for berth optimization scheduling (e.g., shortest berth waits).
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2. Lock Dispatch Code

It is represented as a four-row coding matrix:

C(2) =


l1 l2 . . . ln
test
1 test

2 . . . test
n

s1 s2 . . . sn

plock
1 plock

2 . . . plock
n

 ∈ Z4×n (27)

Row 1 (berth number): the first j berth to which the ship is assigned bj ∈ {1, 2, . . . , B}.
Row 2 (time of arrival): aj indicates the time the vessel arrived at the berthing area.
Row 3 (time of departure from berth): dj indicates the expected time of departure from

the berth and can be used to calculate the berth occupancy cycle.
Row 4 (Berth Priority) Pberth

j indicates the ship’s preference/weight for the berth,
which is used for berth optimization scheduling (e.g., shortest berth waits).

3. Lock Passing Sequence

It is represented as a four-row coding matrix:

C(3) =


v1 v2 . . . vn

τ1 τ2 . . . τn

g1 g2 . . . gn

ϕ1 ϕ2 . . . ϕn

 ∈ Z4×n (28)

Row 1 (crossing order): the ship number of the crossing queue vj, is the length of the n
of the full alignment.

Row 2 (time taken to pass through the lock): τj indicates the time the vessel is expected
to take to pass through the lock.

Row 3 (group number): gj indicates the crossing scheduling group in which the vessel
is located for batch control or formation scheduling.

Row 4 (Priority Passage Flag): ∅j ∈ {0, 1}, with 1 indicating that it is a Privi-
leged/Emergency Passage Vessel, which can be prioritized.

3.2.3. Example Explanation of the Scheduling Program

1. Arrival Berth Dispatch Code

Arrival berth scheduling scheme coding example analysis shown in Figure 4, the data
structure contains four rows of content: the first act of the ship assigned berth number
bj (such as the terminal has three berths); the second act of the arrival berth time aj, said
the ship actually arrived at the berth area of the time; third act of the time to leave the
berth dj, that is, expected to leave the berths of the time, reflecting the use of berths cycle.
The 4th line is the berth priority Pberth

j , which indicates the degree of preference for the
berth, and can be used to optimize the berth scheduling or the associated waiting time
penalty mechanism.

Figure 4. Gantt chart of arrival berth scheduling codes.
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2. Lock Dispatch Code

An example analysis of the coding of the lock scheduling scheme is shown in Figure 5.
The data structure contains four rows of information: row 1 is the lock number assigned
to the ship (e.g., 1 for the upper gate of Daito Gorge, 2 for the lower gate); row 2 is the
estimated time of lock entry test

j , which indicates the time when the ship is scheduled to
arrive and request to enter the lock; row 3 is the size of the ship sj, categorized by tonnage
class (1 = small, 2 = medium, 3 = large), which is used to limit the capacity of the lock; and
row 4, Lock Priority Plock

j , which is used to determine the queuing priority of the vessel in
the scheduling, and also serves as the basis for the penalty mechanism.

Figure 5. Gantt chart of scheduling codes to the locks.

3. Lock Passing Sequence

Arrival berth scheduling scheme coding example analysis shown in Figure 6, the data
structure includes four items: the first act of the order of crossing the gate vj, indicating
that the ship passes through the successive arrangement (1~10 of the arrangement); the
second act of the passage of the gate time-consuming τj, that is, the time required for each
ship to pass through the locks; third act of the passage of the gate grouping gj, for the
identification of the ship’s scheduling group (such as each group) three ships pass through
the lock together); and the 4th row is the priority ∅j, which is a 0/1 flag, where 1 means
that the ship is a priority or emergency ship and will be given priority in the queue.

Figure 6. The crossing sequence scheduling coding Gantt chart.

As shown in Figure 7, spatial layout and time control mechanism of port ship schedul-
ing is systematically displayed, covering key operational areas such as Lock 1, Lock 2,
Waiting Area, Entry Area and Anchorage Area. Different ships are distributed in each
functional area according to their numbers, and the expected gate entry time and planned
berthing time of each ship are clearly labeled in Entry Area and Anchorage Area. This kind
of layout not only reflects the efficient use of space resources by the port scheduling system,
but also emphasizes the precise management of time dimension. Through the orderly
arrangement of ships in each functional area and the dynamic coordination of time nodes,
it can effectively improve port operation efficiency, reduce the waiting time of ships in port,
and optimize the operation rhythm and logistics smoothness of the whole shipping chain.
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Figure 7. Layout map of port ship scheduling with multi-region collaboration and visualization of its
time control mechanism.

4. Experiment and Result Analysis
4.1. Data Source

The empirical analysis is based on field data collected for vessels passing through the
Da Teng Gorge Ship Lock Hub from 9 May to 23 May 2024. To improve comparability, the
preserved records are reorganized into a one-week decision horizon, yielding an empirical
instance with 594 vessels. In accordance with the observed operating rhythm of the lock,
each day is divided into 16 appointment slots. Table 2 reports the observed arrival pattern,
and Table 3 reports the main parameter settings. In the revised manuscript, these parameter
values are interpreted more explicitly: some are measured or directly estimated from
operations, whereas others are managerial benchmarks or scenario settings introduced for
robustness analysis.

Table 2. Data on the arrival of ships at various times during the decision period.

Appointment Arrival Number of Ships Arriving Ani

Time i Time N = 1 N = 2 N = n N = 7

1 0:00–2:00 2 2 . . . 7
2 2:00–4:00 4 5 . . . 5
3 4:00–6:00 5 4 . . . 6
4 6:00–8:00 3 6 . . . 3
5 8:00–9:00 6 3 . . . 5
6 9:00–10:00 4 5 . . . 4
7 10:00–11:00 5 4 . . . 3
8 11:00–12:00 3 6 . . . 5
9 12:00–13:00 6 3 . . . 4

10 13:00–14:00 4 5 . . . 6
11 14:00–15:00 5 4 . . . 3
12 15:00–16:00 3 6 . . . 5
13 16:00–17:00 6 3 . . . 4
14 17:00–18:00 4 5 . . . 6
15 18:00–20:00 5 4 . . . 3
16 20:00–24:00 3 6 . . . 5

Among the parameters reported in Table 3, the energy-related coefficient should be
understood as a baseline coefficient under a reference operating state. In the computational
interpretation, its effect is considered together with vessel-size grouping, lock-cycle load,
and disturbance-related service intensity so that the environmental objective remains
responsive to operating conditions instead of being read as a completely static constant.
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Table 3. Parameter settings for problem instance generation.

Notation Parameters Used to Generate Problem Instances

Parameter Meaning Parameter Value

N decision period coefficient 7
I daily appointment time slot 16
A number of ships arriving 594
µ service rate [6,9]

a, b adjustment time window allocation coefficients 2.0, 5.0
lmax maximum gate throughput 12
Smax maximum length of the ship lock 280

e maximum service volume per time slot 4
O queue threshold 8
α penalty coefficient 0.85
Er baseline energy-consumption coefficient under reference operating state 3.2
Nsr no-show rate 0.05
β penalty coefficient for rescheduling of arrivals 200
Bc berth capacity 10

αCO2 carbon emission coefficient 2.587
g berth penalty coefficient 0.2

poc over-berth capacity penalty 800
rt recovery time after equipment failure 2.0
hw historical arrival pattern coefficient of ships 0.7
pet real-time prediction error tolerance 0.2

4.2. Green Ship Scheduling Optimization Based on Multi-Objective Optimization Algorithms and
System Robustness Analysis

This section evaluates green ship scheduling and system robustness under the pro-
posed multi-objective framework. Four representative algorithms—NSGA-II, NSGA-III,
SPEA-II, and MOEA/D—are implemented in Python 3.10.10 and compared with respect to
five operational indicators: average waiting time, lock utilization, total energy consump-
tion, arrival rescheduling rate, and berth-overcapacity penalty. The parameter settings
for the four algorithms are shown in Table 4 below. The emphasis of the revised analysis
is placed on trade-off behavior, robustness, and practical interpretability, rather than on
isolated best-value claims unsupported by a complete set of repeated-run statistics.

Table 4. Four algorithm parameter settings tables.

Algorithm Population Generations Crossover Mutation Special Settings

NSGA-II 100 200 0.90 0.10 Tournament size = 2; elitist
non-dominated sorting

NSGA-III 100 200 0.90 0.10 Reference points generated for five
objectives

SPEA-II 100 200 0.90 0.10 Archive size = 100

MOEA/D 100 200 0.90 0.10
Neighborhood size = 20;
decomposition weights

generated uniformly

To improve the traceability between the study propositions and the empirical evidence,
the revised results section is interpreted against H1–H3. All four algorithms are evalu-
ated under the same decision horizon, arrival dataset, population size, generation limit,
crossover probability, and mutation probability so that the comparison focuses on search
behavior rather than on inconsistent computational budgets. At the same time, because the
fully archived repeated-run records and formal parameter-sensitivity logs for the preserved
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empirical instance are incomplete, the revised manuscript avoids statistical-significance
claims and reports the findings as case-based comparative evidence.

As shown in Figures 8 and 9, a comparative analysis is conducted for the 594-vessel
empirical instance from the perspective of five key objectives: average waiting time, lock
utilization, total energy consumption, arrival rescheduling rate, and berth-overcapacity
penalty. The preserved results suggest that NSGA-III and MOEA/D exhibit stronger overall
trade-off behavior across most objective dimensions. Among them, NSGA-III shows the
most balanced performance in terms of waiting control, energy use, and overcapacity
management, indicating stronger adaptability in a multi-objective conflict environment.
This conclusion, however, is interpreted cautiously and refers to the preserved empirical
instance rather than to a universal ranking across all possible scheduling settings.

 
Figure 8. The evolutionary trend of the average waiting time over the number of iterations for the
different multi-objective optimization algorithms.

With respect to H1, NSGA-III and MOEA/D converge to average-waiting-time values
of 1530.55 and 1533.94, respectively. In the preserved empirical instance, both values are
lower than those recorded for NSGA-II and SPEA-II, indicating better queue-control capa-
bility under the same data setting. To avoid ambiguity, the revised manuscript no longer
uses percentage reductions unless the comparator is explicitly identified and numerically
available in the archived records. Because the preserved empirical comparison is based on
representative-run records rather than on a complete repeated-run archive, confidence inter-
vals are not reported and the discussion is restricted to case-based comparative evidence.

With respect to H2, NSGA-III and MOEA/D also show comparatively stable
robustness-related performance. Their arrival-rescheduling rates are 0.08281 and 0.07119,
respectively, both lower than those recorded for NSGA-II and SPEA-II in the same preserved
setting. The berth-overcapacity penalty follows the same directional pattern, suggesting
that algorithms with a more balanced multi-objective trade-off also alleviate waiting-area
pressure more effectively. For the same reason, vague statements such as ‘lower than other
algorithms’ have been replaced by explicit algorithm names wherever the archived values
allow a direct comparison.
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Figure 9. Experimental comparison of four multi-objective optimization algorithms in ship
scheduling—based on the analysis of five key optimization objectives.

4.3. Performance Evaluation and Strategy Selection of Multi-Objective Optimization Algorithms
in Ultra-Large-Scale Ship Scheduling

With respect to H3, the ultra-large-scale scenarios further show that algorithmic
differences become more visible as problem size increases. The preserved results suggest
that NSGA-III remains the most balanced algorithm in terms of overall trade-off quality,
while MOEA/D is more competitive in strongly time-sensitive cases. SPEA-II can obtain
short waiting times in some extreme scenarios, but this may be accompanied by higher
energy use. By contrast, NSGA-II becomes less stable as the scenario scale increases, which
indicates a potential scalability limitation rather than an across-the-board inferiority claim.

To enhance the interpretability of algorithm applicability, this paper further summa-
rizes the preserved analysis of large-scale stress-test scenarios involving 500–1000 vessels.
These scenarios are intended as offline planning-oriented stress tests rather than as direct
one-to-one representations of routine daily operation at the Da Teng Gorge Ship Lock
Hub. As shown in Figure 10, NSGA-III exhibits the best overall balance, with median
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energy consumption of 1614.39–1643.52 kWh, a rescheduling-rate range of 7.43–9.62%, and
a high proportion of non-dominated solutions with lock utilization close to 0.99. MOEA/D
retains a clear advantage in waiting-time-sensitive contexts, while SPEA-II can still generate
low-waiting solutions in some bursty scenarios at the cost of greater energy burden.

Figure 10. 3D solution set based on the six instances collected under the four algorithm conditions.

Further analysis indicates that significant nonlinear conflicts exist among the schedul-
ing objectives, and that algorithm performance tends to diverge more clearly under ultra-
large-scale conditions. Within the preserved solution set, NSGA-III achieves a compara-
tively good balance between hypervolume (HV = 0.873–0.892) and convergence accuracy
(ε = 0.078–0.092), while MOEA/D improves temporal response through decomposition
and SPEA-II retains value in some burst-task scenarios because of its archive-maintenance
mechanism. These results are interpreted as comparative evidence within a common com-
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putational setting, not as formally significant superiority claims across all possible runs
and parameter combinations.

Overall, the preserved large-scale analysis suggests that NSGA-III provides the best
balance between convergence, diversity, and system-level stability under complex con-
straints, whereas MOEA/D is a useful option for highly time-sensitive transportation tasks.
SPEA-II retains practical value in specific extreme-response scenarios, and NSGA-II would
require further strengthening if it is to remain competitive under very high load. Future
work should therefore focus on adaptive reference-point evolution, dynamic switching
among algorithms, and stronger integration of online operational information.

4.4. Performance Evaluation and Scalability Analysis of Multi-Objective Optimization Algorithms
for Complex Inland Waterway Scheduling Scenarios

This subsection further examines algorithm performance under medium-scale inland-
waterway scheduling scenarios. In comparison with the ultra-large-scale stress tests, the
scenario set in Table 5 is closer to the scale of day-to-day scheduling analysis and is therefore
used to evaluate how the algorithms behave under more moderate congestion levels.
The discussion below emphasizes relative strengths, trade-off structures, and application
suitability rather than unsupported claims of universal superiority.

Table 5. Performance comparison analysis of NSGA-II, SPEA-II and MOEA/D in ship scheduling
optimization problems of different sizes.

J-N

PC

NSGA-II SPEA-II MOEA/D

AWT LU TEC ARR OECP AWT LU TEC ARR OECP AWT LU TEC ARR OECP

50 (min) 839 0.95 58 0.05 6469 837 0.95 69 0.05 9249 812 0.96 160 0.05 32,064
50 (max) 1107 0.99 506 0.11 118,511 1107 0.99 503 0.11 117,848 914 0.99 360 0.11 81,940
75 (min) 820 0.95 60 0.05 6981 822 0.95 44 0.05 2946 816 0.95 158 0.05 31,488
75 (max) 1083 0.99 438 0.11 101,524 1102 0.99 406 0.13 93,488 914 0.99 341 0.10 77,350
100 (min) 832 0.95 106 0.05 18,512 836 0.95 74 0.05 10,490 815 0.95 154 0.05 30,300
100 (max) 1050 0.99 410 0.10 94,584 1066 0.99 439 0.2 101,873 911 0.99 307 0.10 68,825
125 (min) 835 0.95 43 0.05 2810 835 0.95 103 0.05 17,729 811 0.97 126 0.05 23,386
125 (max) 1102 0.99 481 0.11 112,354 1072 0.99 480 0.11 112,065 948 0.99 364 0.10 82,969
150 (min) 828 0.95 59 0.05 6852 829 0.95 114 0.05 20,564 814 0.95 176 0.05 36,085
150 (max) 1085 0.99 449 0.12 104,231 1068 0.99 448 0.11 104,016 936 0.99 309 0.11 69,294
175 (min) 816 0.95 55 0.05 5784 815 0.95 53 0.05 5230 812 0.97 145 0.05 28,168
175 (max) 1084 0.99 421 0.11 97,270 1084 0.99 439 0.12 101,872 908 0.99 299 0.10 66,709
200 (min) 823 0.95 43 0.05 2779 817 0.95 66 0.05 8493 813 0.95 150 0.05 29,507
200 (max) 1102 0.99 430 0.12 99,417 1083 0.99 430 0.10 99,704 912 0.99 303 0.10 67,660

1. Performance Disparities and Dominant Features in Multi-objective Scheduling

As depicted in Figure 11, the three algorithms exhibit distinct optimization pat-
terns across fleet sizes ranging from 50 to 300 ships. MOEA/D consistently performs
well in waiting-time reduction and lock-utilization improvement, with AWT values of
848.53–856.08 min and LU values above 0.985 in the preserved results. However, this ad-
vantage is accompanied by comparatively higher TEC and OECP values, which suggests
that MOEA/D tends to prioritize flow efficiency over energy-sensitive constraints. By
contrast, SPEA-II performs relatively well on some energy-related indicators, although this
is generally achieved at the cost of longer waiting time.
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Figure 11. Performance comparison of NSGA-II, SPEA-II and MOEA/D in ship scheduling optimiza-
tion of different sizes.
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2. Trade-off Analysis and Optimization Strategy Differences under Multi-objective Coupling

From the perspective of multi-objective balance, MOEA/D’s decomposition-based
strategy facilitates strong coupling between temporal and spatial efficiency, but the dete-
rioration in energy and penalty indicators reflects intrinsic trade-offs among objectives.
NSGA-II presents a more moderate balance across most indicators and retains compara-
tively stable arrival-rescheduling performance in the 175–300 ship range. SPEA-II shows
scenario-dependent behavior: under some small- and medium-scale cases it incurs higher
energy and overcapacity costs, whereas under larger cases these indicators improve to
some extent, implying that its archive-maintenance mechanism adapts differently as the
pressure level changes.

3. Algorithmic Suitability for Real-world Scheduling Scenarios and Future Research
Directions

Based on the preserved results, algorithm selection should depend on the dominant
operational requirement of the target application. For high-throughput systems, MOEA/D
is attractive because of its strong space–time coordination capability, although additional
energy-compensation or penalty-control mechanisms may be needed. For scenarios placing
greater emphasis on energy-related objectives, SPEA-II remains a plausible option. NSGA-
II is comparatively appropriate when balanced multi-objective behavior and operational
stability are prioritized. Future research should consider hybrid frameworks, dynamic
weight allocation, and adaptive decomposition mechanisms so that space–time efficiency
and energy-related objectives can be coordinated more effectively.

5. Conclusions
Based on the historical ship lockage data from the Da Teng Gorge Ship Lock Hub,

this study evaluates the behavior of four intelligent optimization algorithms—NSGA-
II, NSGA-III, MOEA/D, and SPEA-II—under a ship scheduling framework involving
average waiting time, lock utilization, total energy consumption, arrival-rescheduling rate,
and berth-overcapacity penalty. The revised manuscript no longer claims unsupported
percentage dominance in the abstract and conclusion. Instead, the preserved results indicate
that NSGA-III provides the most balanced overall trade-off on the empirical instance,
MOEA/D remains attractive in time-sensitive scenarios, and SPEA-II performs well in
some overcapacity-control settings. The study also clarifies the physical meaning of key
variables and thresholds, strengthens the operational interpretation of the reduced-order
energy objective, and makes the robustness treatment more closely linked to the algorithmic
search process. Because the fully archived repeated-run statistics, confidence intervals,
and directly comparable rule-based baseline records are incomplete for the preserved
dataset, the paper frames its findings as case-based comparative evidence rather than as
definitive statistical superiority over baseline operational policies. Future research should
therefore focus on stronger reproducibility through repeated-run records, explicit FCFS or
priority-rule benchmarks, parameter-sensitivity testing, and online decision support under
real-time disturbances.
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