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Abstract: Inland waterway transport is considered a critical component of sustainable maritime
transportation and is subject to strict legal regulations on fuel quality. However, crew members
often prefer cheaper, inferior fuels for economic reasons, making government inspections crucial. To
address this issue, we formulate the ship selection and inspection scheduling problem into an integer
programming model under a multi-inspector and multi-location scenario, alongside a more compact
symmetry-eliminated model. The two models are developed based on ship itinerary information
and inspection resources, aiming to maximize the total weight of the inspected ships. Driven by
the unique property of the problem, a customized heuristic algorithm is also designed to solve the
problem. Numerical experiments are conducted using the ships sailing on the Yangtze River as a
case study. The results show that, from the perspective of the computation time, the compact model
is 102.07 times faster than the original model. Compared with the optimal objectives value, the gap
of the solution provided by our heuristic algorithm is 0.37% on average. Meanwhile, our algorithm
is 877.19 times faster than the original model, demonstrating the outstanding performance of the
proposed algorithm in solving efficiency.

Keywords: inland waterway transport; inspection scheduling; ship selection; mathematical modeling
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1. Introduction

The maritime sector, responsible for 3% of global greenhouse gas emissions, has seen
a 20% increase in emissions over the past decade [1]. Consequently, the sector is now at
a critical juncture, confronted with the significant challenge of balancing environmental
goals with economic needs. Inland waterway transport is increasingly recognized as a
critical component of sustainable maritime transportation, particularly in the context of
severe environmental pollution [2–4]. As the world grapples with the dual challenges
of environmental degradation and climate change, the importance of inland waterway
transport becomes evident due to its low energy consumption, substantial transport ca-
pacity, and minimal environmental impact compared to other transport modes [5–8]. This
environmentally friendly alternative not only reduces the carbon footprint of freight logis-
tics but also helps to mitigate congestion on overburdened road networks. However, the
environmental advantages of inland waterway transport can be significantly undermined
if the fuel used by ships fails to meet quality standards, leading to substantial pollution.
Additionally, the proximity of these waterways to urban centers and densely populated
areas means that pollutants discharged from ships can have a direct and immediate impact
on residential environments. This results in not only the degradation of water quality but
also compromised air quality, posing potential health hazards to the local population. The
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frequent traffic of inland waterway ships exacerbates these issues, positioning it as a critical
concern for urban environmental management and sustainability efforts.

In response to the pressing need for environmental protection, stringent regulations
have been established to control the fuel quality used by inland waterway vessels. In China,
for example, the Law of the People’s Republic of China on the Prevention and Control
of Atmospheric Pollution (Article 63) mandates that inland and river-sea direct vessels
must use regular diesel that meets GB252 standards, which specifies a sulfur content of
no more than 350 ppm [9]. The law prohibits the use of residual oil and heavy oil, which
are commonly used as marine fuel oils but have a high sulfur content and contribute
significantly to air pollution. Despite these regulations, compliance remains a significant
challenge, primarily due to economic factors. From the ship owners’ perspective, the lower
cost of substandard marine fuel oil, which is easier and cheaper to produce, often outweighs
the considerations of environmental impact. This economic incentive drives both ship
owners and fuel suppliers towards cheaper, lower-quality fuels, thereby undermining
efforts to promote higher-quality diesel and impeding progress in atmospheric pollution
control and green development.

Effective regulation and enforcement are crucial to addressing this issue. To ensure
compliance with environmental standards, local maritime authorities implement rigorous
inspection regimes. The inspection team conducted a random inspection of inland water-
way ships by examining the records in the statutory documents, as well as the retention
of certificates including the ship’s fuel quality report, fueling invoices, and delivery notes
on the inspected vessels. Samples are taken from operating generators to test the sulfur
content of the fuel used, and any discrepancies from the standards will be strictly penal-
ized. According to Article 106 of the Law on the Prevention and Control of Atmospheric
Pollution [9], violations, such as the use of non-compliant fuel, can result in fines rang-
ing from CNY 10,000 to CNY 100,000, imposed by maritime management agencies and
fisheries authorities.

These stringent inspection and enforcement measures are essential for reducing pollu-
tant emissions from vessels and promoting the development of green ships. By ensuring
that vessels comply with fuel quality standards, regulatory authorities play a crucial role in
mitigating the environmental impact of maritime transportation. Thus, timely and efficient
inspection is vital for achieving these environmental goals and advancing the sustainable
development of inland waterway transport. Articles focusing on ship inspection primar-
ily concentrate on predicting which ships most urgently need inspection based on ship
information [10–13]. However, these studies do not incorporate the information on ship
itineraries and the allocation of inspection resources, thereby falling short of providing
practical and implementable solutions for inspectors. A few studies that combine ship selec-
tion and inspection scheduling are limited to sea ships in maritime transportation [14–17],
which has a different problem structure compared with inland waterway scenarios. In the
maritime context, ship inspections are primarily categorized into Port State Control (PSC)
and Flag State Control (FSC). PSC involves multiple inspectors examining ships at the
same port, whereas FSC involves a team of inspectors with the same itinerary conducting
inspections at different ports. In inland waterways, due to the relatively high density of
ports and smaller scheduling range, it is practical to dispatch multiple inspectors to various
ports simultaneously. However, there is currently a lack of research on ship inspection
issues in inland waterways. What is more, these existing studies primarily use commercial
solvers to solve problems, leading to computational inefficiency and the inability to obtain
results in scenarios without the support of commercial solvers.

To address these research gaps, our study makes the following contributions. First,
to deal with the issues of ship selection and inspection scheduling in inland waterway
transport, we develop an integer programming (IP) model for the multi-inspector and
multi-location scenario. With the risk weight and berthing information of merchant ships,
the model determines the location assignment and merchant ship inspection decision for
each government ship in one day, with the aim of maximizing the total weight of inspected
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merchant ships. Additionally, we formulate a compact IP model without symmetry to
accelerate the problem-solving process. Furthermore, driven by the unique structure
and property of the problem, we design a customized heuristic algorithm, the weight-
induced inspection scheduling algorithm, that performs well in terms of solution quality
and computation time. The algorithm significantly improves the efficiency of solving
the problem, laying a foundation for its application to large-scale instances. Lastly, we
test the effectiveness of the two IP models and the heuristic algorithm using the Yangtze
River in China as a case study. Our models and the algorithm provide efficient solutions
for the management of inland waterway transport, ensuring more effective and rational
ship inspection scheduling. This enhances inspection efficiency and contributes to the
operational security of ships as well as the protection of the inland water environment.

2. Literature Review

The importance of maritime ship inspections cannot be overstated as they play a
critical role in ensuring maritime safety and protecting the marine environment [18–20].
Effective inspections prevent substandard ships from operating, which can result in signifi-
cant monetary savings and environmental protection [21]. Furthermore, post-inspection
effects include reduced inspection intervals and fewer reported deficiencies in subsequent
inspections [22]. Before conducting an inspection, determining which ships should be
selected for inspection among all incoming vessels is a critical issue for authorities, because
limited time and resources must be allocated to inspect those ships that are in worse con-
dition [14]. Accordingly, ship inspection can be divided into two main components: ship
selection and task scheduling. Ship selection involves identifying which ships to inspect,
while task scheduling pertains to the allocation and prioritization of inspection tasks due
to limited resources.

During the ship inspection process, any condition not meeting the requirements of the
relevant convention is termed a ship deficiency. If critical deficiencies are found, authorities
may detain the ship [23]. Predictive models for identifying high-risk ships use both abstract
risk levels and specific deficiency or detention conditions as targets. Notable methods
include the Bayesian network, support vector machine, logistic regression, and tree-based
model [10–13]. For instance, Yang et al. [10] implement a Bayesian network approach to
predict ship detention based on inspection data from the Paris MoU. They analyzed key
factors such as the number of deficiencies, type of inspection, recognized organization,
and ship age, and proposed a strategic game model to determine the optimal inspection
rate for port states, which aims to find the optimal balance between the resources spent on
inspections and the benefits gained from increased safety and compliance. Some studies
consider ships involved in casualties and incidents as indicators of high ship risk and
potential future accidents [24,25]. Yan et al. [11] develop a random forest-based model to
predict ship detention probabilities, showing it outperformed the selection scheme of ship
risk profile [26] in identifying detained ships. However, these models only generate risk
scores for ship selection and lack comprehensive inspection guidance, such as ship visit
information, arrival times, berthing periods, and port inspection resources. This limitation
reduces their practical applicability and feasibility in real-world scenarios. To address these
shortcomings, it is essential to integrate ship selection with task scheduling to enhance the
efficiency and effectiveness of inspections.

Task scheduling ensures that limited resources are allocated optimally, and inspections
are conducted in a timely and organized manner, ultimately improving maritime safety and
compliance. In the field of maritime transportation, Rizvanolli and Heise [27] introduce
a mixed-integer programming (MIP) model for crew scheduling, optimizing tasks and
qualifications to reduce costs and avoid port authority detentions. Leggate et al. [28] fill a
gap in maritime crew scheduling, previously underexplored compared to airlines and rail-
ways, by proposing MIP formulations for offshore supply vessels, demonstrating real-time
solution generation and statistical analysis of key parameters. Addressing inefficiencies
in traditional pilot scheduling, Xiao et al. [29] propose a variable neighborhood search
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approach combined with MIP, reducing operating costs and pilot workloads, thus enhanc-
ing job satisfaction. Jia et al. [30] examine integrated vessel traffic and pilot scheduling
at seaports, developing an IP model that optimizes navigation channels and anchorage
areas, incorporating pilot scheduling to mitigate congestion and improve service through
a Lagrangian relaxation algorithm. For pilot workforce management, Giachetti et al. [31]
present MIP models for days-on and days-off scheduling, balancing workforce demand,
labor requirements, and worker preferences, offering flexible scheduling with extended
breaks, thereby improving fairness and job satisfaction.

Compared to studies that consider only one aspect, the number of studies simulta-
neously addressing both ship selection and inspection scheduling is currently limited.
Yan et al. [14] develop an XGBoost model to predict the number of ship deficiencies, con-
sidering generic, dynamic, and historical inspection factors. Based on these predictions, a
port state control officer scheduling model is proposed to optimize the allocation of inspec-
tion resources, aiming at maximizing the predicted total number of detected deficiencies.
Qiao et al. [15] construct an IP model to solve the flag state control officer routing and
scheduling problem. With the aim of maximizing the total risk weight of inspected ships
within a limited budget and human resources, the model determines which ships need to
be inspected and the visiting routes of inspectors to various ports. Yan et al. [16] first use a
k-nearest neighbor model to predict ship deficiencies and then propose three optimization
models to maximize the inspection benefit, which includes the reward for identifying the
predicted deficiencies in the inspected ships and the penalty for inspectors’ overtime pay.
To address the emission control challenges, Luo et al. [17] propose a drone scheduling
model for monitoring vessel emissions and design an ant colony algorithm to solve the
problem. The model decides the selected ships and the schedule for drones according to
the monitoring weight of ships generated from historical data.

To sum up, the existing literature mainly focuses on the ship selection problem or
the inspection scheduling problem in maritime transportation. Only a few studies con-
sider the integration of these two aspects. However, these studies primarily focus on
the inspection of ocean-going ships, with relatively few applications in inland waterway
transport. Yan et al. [14] and Yan et al. [16] consider the scheduling problem of PSC with
multiple inspectors staying at the same port. Qiao et al. [15] consider a group of inspectors
with the same schedule traveling between multiple ports in FSC. None of them consider
the multi-inspector and multi-location scenario, which is suitable for inland waterway
inspections. Additionally, Yan et al. [14], Qiao et al. [15], and Yan et al. [16] primarily use
solvers to obtain exact solutions, which, although yielding optimal results, exhibit low
efficiency when solving large-scale problems.

To address the gaps in existing research, we construct an IP model to solve the in-
tegrated ship selection and inspection scheduling problem (ISSISP) in inland waterway
transport to maximize the total risk weight of inspected ships, using the solver to obtain
the optimal solution and designing a heuristic algorithm to enhance solving efficiency. In
Section 3, we present the problem formulation of the ISSISP, including the problem descrip-
tion and model formulation. Section 4 provides a detailed description of the proposed
heuristic algorithm. In Section 5, numerical experiments and sensitivity analysis are carried
out. In the end, Section 6 makes a conclusion for this study.

3. Problem Formulation
3.1. Problem Description

Considering the ISSISP within a segment of a river during the planning horizon of one
day, merchant ships are inspected by government ships at candidate inspection locations.
We denote the set of merchant ships by V and the set of government ships byM. The river
segment can be treated as a line, with a set of candidate inspection locations, denoted by
N , along its course. For all merchant ships navigating in the waterway throughout the day,
there are four types of navigation directions: (1) downstream, (2) upstream, (3) downstream
followed by upstream, and (4) upstream followed by downstream. As an example shown
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in Figure 1, if the direction to the right is considered as the downstream direction, then the
sailing directions of merchant ships from v1 to v4 correspond to the navigation directions
from (1) to (4).

n1 n2 n3 n4 n5 n6 n7 n8

v1 v2

v4v3 Route of merchant ships

v Index of merchant ships

n Index of locations

Figure 1. Original problem description diagram.

The fact that inland waterways are often congested and characterized by many sharp
bends imposes limitations on the size of merchant ships navigating these routes. Each
location n ∈ N is assigned a maximum ship size limit SNn, n ∈ N for docking to ensure
that the berthed ships do not impede the normal passage of other ships in the adjacent
waters. If the size of merchant ship SVv, v ∈ V passing through location n does not
exceed the size limit SNn, then the merchant ship v is permitted to dock at location n and
undergo inspection; otherwise, it cannot be inspected at location n. We represent the berth
availability of merchant ships by the binary parameter δn

v , n ∈ N , v ∈ V . If merchant ship v
can dock and be inspected at location n, then δn

v is set to 1; otherwise, it is 0.
We assume that more than one government ship can dock at each location. Each gov-

ernment ship is assigned to one location and remains docked at that location throughout
the day, responsible for inspecting some merchant ships docking at that location. Govern-
ment ships conduct inspections at the assigned locations during the day and adjust their
positions at night based on the decisions for the next day. Considering the limitations on
personnel efficiency, the maximum number of merchant ships that each government ship
can inspect per day is K.

For ship risk assessment, the predicted deficiency number for each merchant ship,
based on factors such as ship age, length, depth, last inspection date, company performance,
and so on [14], can be normalized into a deficiency proportion. This proportion is defined
as the risk weight, representing the ship’s overall risk level. A higher predicted deficiency
number corresponds to a higher risk weight, indicating a greater priority for inspection.
Therefore, to ensure the safety of inland waterway navigation and environmental health,
government ships aim to inspect as many high-weight merchant ships as possible. In order
to improve the efficiency of the inspection system, the assignment decisions for government
ships and the inspection decisions for merchant ships should be made wisely, with the aim
of maximizing the total weight of merchant ships inspected by government ships.

3.2. Model Formulation

In this subsection, we first construct an IP model according to the problem setting.
However, through the observation of the model, we find that there is symmetry in the
model, which is defined as the symmetric IP (SIP) model, leading to redundant calculations
in the process of solving it. Hence, we reformulate the SIP model into a more compact form,
which is called the compact IP (CIP) model, in order to break the symmetry. The notations
used in the two models are summarized in Table 1.
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Table 1. Notations used in the model formulation.

Sets

V The set of merchant ships
M The set of government ships
N The set of candidate inspection locations

Indices

v The index for merchant ships in V
m The index for government ships inM
n The index for candidate inspection locations in N

Parameters

wv The inspected weight of merchant ship v
δn

v Binary, equals 1 if merchant ship v can be inspected at location n, and 0 otherwise
K The maximum number of merchant ships inspected by each government ship

Decision Variables

xn
m Binary, equals 1 if government ship m is assigned to location n, and 0 otherwise

ym
v

Binary, equals 1 if merchant ship v is inspected by government ship m, and
0 otherwise

x̄n The integer number of government ships assigned to location n
ȳn

v Binary, equals 1 if merchant ship v is inspected at location n, and 0 otherwise

3.2.1. The SIP Model for the ISSISP

The SIP model is constructed to solve the ISSISP. For assignment decisions, we intro-
duce the binary decision variable xn

m, which equals 1 if the government ship m is assigned
to location n and 0 otherwise. For inspection decisions, we use ym

v as the binary deci-
sion variable, which equals 1 if merchant ship v is inspected by government ship m and
0 otherwise.

The SIP model of the ISSISP can be written as follows:

max ∑
v∈V

∑
m∈M

wvym
v (1)

s.t. ym
v − ∑

n∈N
δn

v xn
m ⩽ 0, ∀v ∈ V , ∀m ∈ M (2)

∑
v∈V

ym
v ⩽ K, ∀m ∈ M (3)

∑
m∈M

ym
v ⩽ 1, ∀v ∈ V (4)

∑
n∈N

xn
m = 1, ∀m ∈ M (5)

xn
m ∈ {0, 1}, ∀m ∈ M, ∀n ∈ N (6)

ym
v ∈ {0, 1}, ∀m ∈ M, ∀v ∈ V . (7)

The objective function (1) maximizes the total weight of the inspected merchant ships. Con-
straints (2) require that if merchant ship v and government ship m are not simultaneously at
any location throughout the day, then merchant ship v cannot be inspected by government
ship m. Constraints (3) denote that at most K merchant ships can be inspected by each
government ship. Constraints (4) mean that each merchant ship can be inspected at most
once. Constraints (5) guarantee that each government ship is assigned to one location.
Constraints (6) and (7) are the decision variable constraints.

From the structure of the SIP model, we find that there exists symmetry in the set of
indices of government ships due to their homogenization. For instance, if a scheduling
decision can be expressed as assigning one government ship to location n and inspect ship
v, the contribution to the objective function is the same regardless of which unassigned
government ship will execute the schedule. These symmetrical solutions result in extended
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computational time [32]. An effective approach to tackle this issue is to utilize advanced
models that either eliminate or reduce symmetries. Therefore, we build the CIP model to
break the symmetry.

3.2.2. The CIP Model for the ISSISP

In the CIP model, we no longer introduce variables related to government ships but
directly establish a link between merchant ships and locations. Specifically, we introduce the
non-negative integer variable x̄n as the number of government ships assigned to location n
and use ȳn

v as the binary decision variable, which equals 1 if merchant ship v is inspected at
location n and 0 otherwise. Then, we have the following CIP model:

max ∑
v∈V

∑
n∈N

wvȳn
v (8)

s.t. ȳn
v ⩽ δn

v ∀v ∈ V , ∀n ∈ N (9)

∑
v∈V

ȳn
v ⩽ Kx̄n, ∀n ∈ N (10)

∑
n∈N

ȳn
v ⩽ 1, ∀v ∈ V (11)

∑
n∈N

x̄n = |M| (12)

x̄n ∈ Z+, ∀n ∈ N (13)

ȳn
v ∈ {0, 1}, ∀n ∈ N , ∀v ∈ V . (14)

The objective function (8) maximizes the total weight of inspected merchant ships. Con-
straints (9) require that if merchant ship v passed through location n, then merchant ship v
cannot be inspected at location n. Constraints (10) mean that the total number of inspected
merchant ships at location n is no more than the inspection capacity of location n. Con-
straints (11) denote that each merchant ship can be inspected at most once. Constraints (12)
require that the total number of assigned government ships is |M|. Constraints (13) and (14)
are the decision variable constraints.

4. Weight-Induced Inspection Scheduling Algorithm
4.1. Algorithm Design

Based on our analysis of the problem, we have the following observation:

Observation 1. There are variations in both the number and weights of merchant ships that dock
at different locations. Among the ships passing through in a single day, some locations have a low
total number of docked ships with small ship weights, while other locations have a high total number
of docked ships with large ship weights.

Inspired by Observation 1, we calculate the distribution of the sum of ship weights
at different locations. Analyzing the distribution’s variation, it is advisable to prioritize
assigning government ships to locations with many high-weight merchant ships. This
strategy ensures that, within the constraints of limited inspection capacity, a greater number
of high-weight merchant ships can be inspected. Leveraging this unique problem char-
acteristic, we design a tailored weight-induced inspection scheduling (WIS) algorithm to
solve the IP model in Section 3.2. The algorithm prioritizes deploying government ships
to locations frequented by high-weight merchant ships and iteratively removes inspected
merchant ships until all government ships are dispatched.

To be more specific, we first define the set for merchant ships awaiting inspection
as V , and denote by M the set of unassigned government ships. In each iteration, an
unassigned government ship m∗ ∈ M is dispatched to a location n ∈ N and is assigned
to inspect no more than K merchant ships at location n. We represent by Vn the set
of uninspected merchant ships passing through location n and denote by VK

n the set of
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uninspected merchant ships with top K weights passing through location n. If the number
of uninspected merchant ships docking at location n is smaller than K, then VK

n = Vn.
For each location n, un is defined as the sum of the weights of merchant ships with top K
weights among all uninspected merchant ships passing through location n, i.e.,

un = ∑
v∈VK

n

wv. (15)

A location with the highest un, denoted by n∗ as shown in Equation (16), is selected
for deploying the government ship m∗. Note that there may be multiple locations with the
same highest value of un, in which case we randomly select one of them as the assigned
location n∗.

n∗ ∈ argmax
n∈N

{un|∀n ∈ N}. (16)

After deciding the assigned location n∗, the government ship inspects the merchant
ships with the top K weights at location n∗ and the set of inspected merchant ships can
be expressed as VK

n∗ . Subsequently, the inspected merchant ships are removed from the

set of uninspected merchant ships, i.e., V = V \ VK
n∗ , and the assigned government ship

m∗ is removed from the set of unassigned government ships, i.e.,M =M\ {m∗}. Then,
we design the schedule for the next unassigned government ship. If there is still any
unassigned government ship (i.e., the setM is not empty), the process continues iteratively.
Otherwise, the algorithm terminates. Algorithm 1 shows the detailed procedure of the
proposed WIS algorithm.

Algorithm 1 Weight-induced Inspection Scheduling Algorithm

Input: V : the set of merchant ships;M: the set of government ships;N : the set of locations;
wv: weights of merchant ships; δn

v : berth availability of merchant ships; K: inspection
capacity

Output: scheduling dictionary D
1: Initial uninspected merchant ship set V ← V , unassigned government ship setM←
M and current government ship m∗ ← 1

2: while m∗ ⩽ |M| do
3: Update location uninspected ship set Vn ← {v|δn

v = 1, ∀v ∈ V}
4: if |Vn| > K then
5: Update VK

n ← uninspected merchant ships in Vn with top K weights
6: else
7: Update VK

n ← Vn
8: end if
9: Compute the sum of top K weights at location n, un ← ∑v∈VK

n
wv

10: Update assigned location n∗ ← argmax
n∈N

{un|∀n ∈ N}

11: Update D[m∗, n∗]← VK
n∗

12: m∗ ← m∗ + 1
13: end while

4.2. Example Illustration

In order to facilitate the understanding of the algorithm, this subsection shows the
iterative process of the WIS algorithm based on a specific example. The information of
merchant ships can be represented in the form of a two-dimensional table, including
the berth availability and weight of each merchant ship, as shown in Table 2. There are
five merchant ships (V = {v1, v2, v3, v4, v5}), two government ships (M = {m1, m2})
with the inspection capacity of two merchant ships per day (K = 2), and four locations
(N = {n1, n2, n3, n4}) in the example. “Ship ID” includes the ID for all the ships. “Berth
availability” includes the berthing information of each ship in one day. If merchant ship v
docks at location n, then it is marked with 1 in the “Berth availability” column. “Weight”
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corresponds to the risk weight of each merchant ship. “un” is the sum of the top K weights
of uninspected merchant ships passing through location n.

Table 2. Uninspected merchant ship information in the first iteration of the example.

Ship ID
Berth Availability

Weightn1 n2 n3 n4

v1 1 1 1 0.13
v2 1 1 0.96
v3 1 1 1 0.24
v4 1 0.31
v5 1 1 0.62

un 0.13 1.20 0.93 1.58

At the beginning of the algorithm, the uninspected merchant ship set V is initialized
as V , and the unassigned government ship setM is set to beM. In the first iteration, we
make the schedule decisions for m1. First, we can derive the set of merchant ships with the
top two largest weights VK

n for each location (Equations (17)–(20)).

VK
1 = {v1}, (17)

VK
2 = {v2, v3}, (18)

VK
3 = {v4, v5}, (19)

VK
4 = {v2, v5}. (20)

According to Equation (15), un is calculated as the sum of merchant ships with the top K
weights passing through location n. That is, for each location, we find merchant ships with the
top two largest weights among the merchant ships with 1 marked in the “Berth availability”
column and sum their weights up as the value of un. If the number of merchant ships with 1
marked in the “Berth availability” column is smaller than two, e.g., n1, then un is the weight
of v1. Then, we can calculate un for each location and choose a location with the highest un,
which is n4. Accordingly, the set of merchant ships to be inspected is VK

4 . Thus, we assign the
first government ship m1 to location n4 to inspect v2 and v5.

After the assignment of m1, v2 and v5 are removed from the uninspected ship set, then
we have V = {v1, v3, v4}. Similar to the above process, we can derive VK

n as follows:

VK
1 = {v1}, (21)

VK
2 = {v1, v3}, (22)

VK
3 = {v3, v4}, (23)

VK
4 = {v1, v3}. (24)

In the second iteration, n3 has the largest un among four locations as shown in Table 3.
Therefore, we assign m2 to n3 to inspect v3 and v4. To sum up, the total weight of the
inspected merchant ships is 2.13.

Table 3. Uninspected merchant ship information in the second iteration of the example.

Ship ID
Berth Availability

Weightn1 n2 n3 n4

v1 1 1 1 0.13
v3 1 1 1 0.24
v4 1 0.31

un 0.13 0.37 0.55 0.37
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5. Numerical Experiments

In this section, we conduct numerical experiments to evaluate the performance of
the three methods, i.e., the SIP model, the CIP model, and the proposed WIS algorithm.
Meanwhile, sensitivity analysis is conducted to quantify the impact of uncertainties. All
experiments are implemented in Python 3.9, using Gurobi 9.5.2 [33] for solving the SIP
model and the CIP model. The experiments are conducted on a MacBook Air equipped
with an Apple M2 chip, 16 GB of RAM, and the macOS operating system. The parameters
of the models are calibrated in preliminary studies and their final values are presented in
the following sections.

5.1. Experimental Design

Taking the Yangtze River as an example, we select twenty locations (|M| = 20) along
the river as candidate inspection locations. We focus on the river segment that starts
from Chenglingji, flows downstream through intermediate locations, and finally ends
at Shanghai. Table 4 presents the distances from Chenglingji to each location, with data
sourced from the Yangzhou Navigation Center [34]. Given that the river can be regarded as
a line and the locations as points along this line, the distances between any two locations
can be calculated based on Table 4.

According to the regulation of the Ministry of Transport [35], the maximum speed
for inland waterway ships can not exceed 28 km per hour. Therefore, the speed of each
merchant ship, whose unit is kilometers per hour, follows a uniform distribution within
the parameter range of [8, 15]. The maximum ship size limit SNn of each location is
randomly chosen from the set {60, 70, 80, 90, 100} with equal probability. The size of each
merchant ship SVv is a randomly generated integer within the range [50, 100]. Based on the
parameters set above, we construct the berth availability for each merchant ship, ensuring
that there exists at least one location where ship v can dock, i.e., ∑n∈N δv

n ⩾ 1, ∀v ∈ V .

Table 4. The distance from Chenlingji to downstream locations.

Location
ID Destination Distance

(km)
Location

ID Destination Distance
(km)

Location
ID Destination Distance

(km)

1 Chenglingji 0 8 Anqing 626 15 Gaogang 1042
2 Honghu 56 9 Chizhou 684 16 Jiangyin 1104
3 Jiayu 101 10 Tongling 724 17 Zhangjiagang 1140
4 Wuhan 228 11 Wuhu 818 18 Nantong 1162
5 Huanggang 325 12 Ma’anshan 861 19 Changshu 1191
6 Huangshi 357 13 Nanjing 907 20 Shanghai 1257
7 Jiujiang 473 14 Zhenjiang 987

The experimental parameters are listed in Table 5. [a, b, c] denotes a list of numbers
generated from a to b with an interval of c. The first 60 experiments are conducted to test
the performance of the three methods on different scales of the problem. The experiments
with ID from 61 to 150 conduct the sensitivity analysis. To be more specific, the first group
(ID from 61 to 90) is used to test the impact of the location number |N | on the problem
results. The second group (ID from 91 to 120) varies in terms of the number of government
ships |M| and the last group (ID from 121 to 150) has variations in the number of merchant
ships |V|.

5.2. Performance of the Three Methods
5.2.1. Solution Quality

To test the performance of the three methods, i.e., the SIP model solved by Gurobi, the
CIP model solved by Gurobi, and the WIS algorithm, we design instances with different
merchant ship numbers ranging from 50 to 1000. The three methods are applied to solve these
instances and the results regarding the solution quality are shown in Table 6 and Figure 2.
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Table 5. Experiment parameter settings.

Experiment ID |N | |M| |V| K Method

1–20 20 10 [50, 1000, 50] 6 SIP
21–40 20 10 [50, 1000, 50] 6 CIP
41–60 20 10 [50, 1000, 50] 6 WIS
61–70 [10, 19, 1] 10 500 6 SIP
71–80 [10, 19, 1] 10 500 6 CIP
81–90 [10, 19, 1] 10 500 6 WIS
91–100 20 [1, 10, 1] 500 6 SIP

101–110 20 [1, 10, 1] 500 6 CIP
111–120 20 [1, 10, 1] 500 6 WIS
121–130 20 10 500 [1, 10, 1] SIP
131–140 20 10 500 [1, 10, 1] CIP
141–150 20 10 500 [1, 10, 1] WIS

Table 6. Solution quality of the three methods for instances with different scales.

|V|
SIP CIP WIS

# Inspected
Ships Obj # Inspected

Ships Obj # Inspected
Ships Obj Gap

50 48 23.17 48 23.17 45 22.98 0.82%
100 60 37.11 60 37.11 60 37.11 0.00%
150 60 45.68 60 45.68 60 45.35 0.72%
200 60 49.19 60 49.19 60 48.64 1.12%
250 60 52.45 60 52.45 60 52.02 0.82%
300 60 53.59 60 53.59 60 52.84 1.40%
350 60 54.41 60 54.41 60 54.34 0.13%
400 60 55.23 60 55.23 60 54.97 0.47%
450 60 55.57 60 55.57 60 55.32 0.45%
500 60 56.35 60 56.35 60 56.23 0.21%
550 60 56.87 60 56.87 60 56.77 0.18%
600 60 57.15 60 57.15 60 57.08 0.12%
650 60 57.31 60 57.31 60 57.26 0.09%
700 60 57.41 60 57.41 60 57.34 0.12%
750 60 57.41 60 57.41 60 57.34 0.12%
800 60 57.58 60 57.58 60 57.51 0.12%
850 60 57.58 60 57.58 60 57.51 0.12%
900 60 57.85 60 57.85 60 57.80 0.09%
950 60 58.10 60 58.10 60 58.03 0.12%

1000 60 58.34 60 58.34 60 58.22 0.21%
525 59.40 52.92 59.40 52.92 59.25 52.73 0.37%

In Table 6, the first column records the number of merchant ships (|V|) for different
instances. “# Inspected ships” represents the number of inspected ships in the solution
and “Obj” is the objective value, i.e., the total weight of inspected ships. Since both the
SIP and CIP models are solved to optimality using Gurobi, the Obj records the optimal
objective value of the problem. However, the WIS algorithm is a heuristic algorithm, so
the solution obtained is not necessarily an optimal one. To measure the difference between
the Obj obtained by WIS and the optimal Obj, we define it as the “Gap” and calculate it by
Gap = (ObjS −ObjW)/ObjS, where ObjS is the Obj of SIP and ObjW is the Obj of WIS. The
last row in the table records the average value of each column.
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(a) (b)

Figure 2. Solution quality of the three methods for instances with different scales. (a) Obj of instances
solved by the three methods. (b) Optimality gap of instances solved by the WIS algorithm.

Figure 2a illustrates the Obj of instances solved by the three methods: SIP (gray dashed
line with diamond markers), CIP (orange solid line with cross markers), and WIS (blue
dashed line with circular markers). The x-axis represents the instance size (|V|), ranging
from 50 to 1000, while the y-axis represents Obj, ranging from 0 to 60. The graph shows that
the Obj increases with the increase in the problem scale, i.e., the number of merchant ships.
When the scale of the problem is small, the increasing rate of the Obj is rapid, whereas,
when the scale of the problem is large, the increasing rate gradually slows down. For the
instances with |V| no more than 300, there are some differences between the curves of the
three methods, while, for the instances with |V| larger than 300, the three curves have a
high degree of overlap, indicating a similar performance across the three methods when
dealing with large-scale instances. Combined with the specific numerical results in Table 6,
we can see that the Obj values of SIP and CIP are identical for the same instance. This is
because both models can be solved to optimality by Gurobi. However, the performance of
WIS is slightly inferior to the optimal solution in some instances. The Obj of WIS has an
average gap of 0.37% from the optimal Obj.

The number of inspected ships in Table 6 can also provide an analytical perspective
on the features of the solution. When the number of merchant ships equals 50, the number
of inspected ships in the optimal solution is 48, while it equals 45 in the heuristic solution.
This indicates that the WIS algorithm cannot inspect a sufficient number of ships, thus
resulting in a smaller value of the Obj. In other instances, the number of ships inspected by
the three methods reached the overall inspection capacity limit, i.e., |M|×K = 10× 6 = 60,
but the weights of the ships selected by SIP and CIP are generally larger compared to WIS.
Among all the 20 instances, there exists one instance (|V| = 100) where the Obj of WIS
equals the optimal one. For the other instances, there is a certain gap between the optimal
Obj and the Obj of WIS.

The gaps for all the instances are presented in a bar chart in Figure 2b, which depicts
the gap of instances solved by the WIS algorithm, as a function of the instance size. The
x-axis represents the instance size, ranging from 50 to 1000, and the y-axis represents the
gap, ranging from 0.00% to 2.00%. The bar in blue records the gap of the WIS algorithm. In
small-scale instances, we observe a larger gap compared to large-scale instances, due to
the identical number of locations set for these instances. When the number of merchant
ships |V| is relatively low, there is a significant difference in the sum of the top K weights of
merchant ships at different locations. However, when |V| is sufficiently high, the difference
in the sum of the top K weights becomes smaller. Consequently, the gap between the Obj
obtained from the WIS algorithm and the optimal Obj is relatively small.
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5.2.2. Computation Time

The computation time of the three methods is recorded in Figure 3 and Table 7. In
Table 7, “CPU time” records the time taken by the solver or the algorithm to solve the
problem. “CPU time ratio” is the ratio of the CPU time of CIP or WIS to the CPU time of
SIP. CTRC = CTS/CTC, where CTRC is the CPU time ratio of CIP, CTS is the CPU time of
SIP, and CTC is the CPU time of CIP. Similarly, CTRW = CTS/CTW , where CTRW is the
CPU time ratio of WIS and CTW is the CPU time of WIS. The last row in the table records
the average value of each column.

Table 7. Computation time of the three methods for problems of different scales.

|V|
SIP CIP WIS

CPU Time (s) CPU Time (s) CPU Time Ratio CPU Time (s) CPU Time Ratio

50 1.0351 0.0231 44.81 0.0011 941.00
100 6.6785 0.0274 243.74 0.0028 2385.18
150 16.9242 0.0385 439.59 0.0044 3846.41
200 33.3847 0.0655 509.69 0.0062 5384.63
250 1.4555 0.0609 23.90 0.0081 179.69
300 4.8595 0.0830 58.55 0.0097 500.98
350 3.9341 0.0807 48.75 0.0124 317.27
400 4.6290 0.0932 49.67 0.0143 323.71
450 4.0441 0.0943 42.89 0.0202 200.20
500 13.2110 0.1079 122.44 0.0183 721.91
550 0.1996 0.1264 1.58 0.0196 10.18
600 2.1667 0.1401 15.47 0.0210 103.18
650 5.2260 0.1537 34.00 0.0223 234.35
700 5.0809 0.1555 32.67 0.0235 216.21
750 40.2412 0.1489 270.26 0.0259 1553.71
800 5.4011 0.1733 31.17 0.0280 192.90
850 3.6400 0.1664 21.88 0.0290 125.52
900 1.5481 0.1904 8.13 0.0316 48.99
950 3.8917 0.2064 18.86 0.0330 117.93

1000 4.8689 0.2075 23.46 0.0348 139.91
525 8.1210 0.1172 102.07 0.0183 877.19

(a) (b)

Figure 3. Computation time of the three methods for instances with different scales. (a) CPU time of
instances solved by the three methods. (b) CPU time ratio of instances solved by CIP and WIS.

Figure 3a shows the CPU time of instances with different scales solved by the three
methods: SIP (gray dashed line with diamond markers), CIP (orange solid line with cross
markers), and WIS (blue dashed line with circular markers). The x-axis represents the
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instance size, ranging from 50 to 1000, while the y-axis represents the CPU time in seconds.
Figure 3b depicts the CPU time ratio of instances solved by the CIP and WIS methods. The
x-axis represents the instance size and the y-axis represents the CPU time ratio. The blue
bars represent the WIS method and the orange bars represent the CIP method.

From Figure 3a and Table 7, we can observe that the CPU time taken to solve the
SIP model using Gurobi fluctuates significantly across different problem scales, with an
average value of 8.1210 s. In comparison, the CPU time for CIP and WIS can be substantially
reduced, with the former averaging at 0.1172 s and the latter at 0.0183 s as shown in Table 7.
To quantify the improvement in computational efficiency more distinctly, we calculate the
increased ratio of CPU time of CIP and WIS relative to SIP.

Figure 3b visually demonstrates the CPU time ratio for CIP and WIS, highlighting a
significant acceleration effect in small-scale instances. The maximum CPU time ratio for
CIP reaches 509.69, whereas, for WIS, it reaches 5384.63. Across all instances, the average
CPU time ratio for CIP is 102.07, while, for WIS, it is 877.19. This indicates that, although
CIP is efficient, WIS shows even greater efficiency in terms of CPU time for the majority of
instance sizes.

5.3. Sensitivity Analysis

By conducting sensitivity analysis experiments, we further analyze the sensitivity
of the methods to the changes in input parameters, including the location number, the
government ship number, and the inspection capacity.

5.3.1. Different Location Numbers

To investigate the impact of varying location numbers on the model’s effectiveness,
we design instances by altering the location number from 10 to 19 while keeping the
government ship number (|M| = 10), the merchant ship number (|V| = 500), and the
inspection capacity (K = 6) constant.

Figure 4a shows the Obj of instances with different location numbers solved by the
three methods. The x-axis represents the number of locations, ranging from 10 to 19,
and the y-axis represents Obj. Figure 4b illustrates the gap of instances with different
numbers of locations solved by the WIS algorithm. Table 8 shows the solution quality of
the three methods.

(a) (b)

Figure 4. Solution quality of the three methods for instances with different location numbers. (a) Obj
of instances solved by the three methods. (b) Optimality gap of instances solved by the WIS algorithm.
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Table 8. Solution quality of the three methods for instances with different location numbers.

|N |
SIP CIP WIS

# Inspected
Ships Obj # Inspected

Ships Obj # Inspected
Ships Obj Gap

10 60 56.34 60 56.34 60 56.34 0.00%
11 60 56.36 60 56.36 60 56.29 0.12%
12 60 56.36 60 56.36 60 56.29 0.12%
13 60 56.28 60 56.28 60 56.27 0.02%
14 60 56.16 60 56.16 60 56.08 0.14%
15 60 56.16 60 56.16 60 56.16 0.00%
16 60 56.23 60 56.23 60 56.18 0.09%
17 60 56.26 60 56.26 60 56.13 0.23%
18 60 56.35 60 56.35 60 56.23 0.21%
19 60 56.35 60 56.35 60 56.23 0.21%

14.5 60 56.29 60 56.29 60 56.22 0.12%

From the perspective of solution quality, we can know that, as the location number
continuously increases, the values of the Obj of the three methods all remain at a stable level
as shown in Figure 4a. This indicates that the location number does not significantly affect
the value of the Obj, i.e., the total weight of inspected ships. The graph also demonstrates
that the objective values remain consistently close across all three methods, regardless of
the number of locations. More results from Table 8 reveal that the average Obj of SIP and
CIP are both 56.29, while, for WIS, the average Obj is 56.22, with only a small difference of
0.07. The average gap of WIS is 0.12%, which further illustrates that the Obj obtained by
WIS has a very small difference compared to the optimal Obj obtained by SIP and CIP as
shown in Figure 4b.

Figure 5a illustrates the CPU time required to solve instances with different location
numbers using the three methods. The x-axis represents the number of locations and the
y-axis represents the CPU time for solving the model in seconds. Figure 5b illustrates the
CPU time ratio required to solve instances with different location numbers using the three
methods. The x-axis represents the number of locations and the y-axis represents the CPU
time ratio. Table 9 records the computation time of the three methods for instances with
different location numbers.

(a) (b)

Figure 5. Computation time of the three methods for instances with different location numbers.
(a) CPU time of instances solved by the three methods. (b) CPU time ratio of instances solved by CIP
and WIS.
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Table 9. Computation time of the three methods for instances with different location numbers.

|N |
SIP CIP WIS

CPU Time (s) CPU Time (s) CPU Time Ratio CPU Time (s) CPU Time Ratio

10 0.8950 0.0626 14.30 0.0090 99.44
11 15.2549 0.0678 225.00 0.0096 1589.05
12 5.6741 0.0763 74.37 0.0105 540.39
13 1.5139 0.0824 18.37 0.0113 133.97
14 2.0420 0.1015 20.12 0.0131 155.88
15 3.8844 0.0814 47.72 0.0133 292.06
16 1.4118 0.0846 16.69 0.0140 100.84
17 11.7555 0.1018 115.48 0.0146 805.17
18 13.0080 0.1098 118.47 0.0153 850.20
19 13.3006 0.1147 115.96 0.0161 826.12

14.5 6.8740 0.0883 76.65 0.0127 539.31

From the perspective of computation time, Figure 5a shows that the SIP method
generally requires significantly more CPU time compared to CIP and WIS. Both CIP and
WIS exhibit much lower and relatively stable CPU times across different numbers of
locations, indicating their computational efficiency. In comparison, both values of and
fluctuations in the CPU time of CIP and WIS are smaller. From Figure 5b, it can be observed
that WIS takes less time to solve than SIP and even performs better than CIP. Additionally,
Table 9 shows that, when N = 11, WIS achieves the maximum CPU time ratio with a value
of 1589.05, indicating significantly improves the solution efficiency compared to SIP.

5.3.2. Variable Numbers of Government Ships

To test the influence of variable government ship numbers, we set |N | = 20, |V| = 500,
and K = 6. The government ship number ranges from 1 to 10, reflecting different amounts
of human resources for inspection.

Figure 6a shows the Obj of instances with different government ship numbers solved
by the three methods. The x-axis represents the number of government ships, ranging from
1 to 10, and the y-axis represents Obj. Figure 6b illustrates the gap of instances with different
numbers of government ships solved by the WIS algorithm. Table 10 shows the solution
quality of the three methods for instances with different government ship numbers.

(a) (b)

Figure 6. Solution quality of the three methods for instances with different government ship numbers.
(a) Obj of instances solved by the three methods. (b) Optimality gap of instances solved by the
WIS algorithm.
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Table 10. Solution quality of the three methods for instances with different government ship numbers.

|M|
SIP CIP WIS

# Inspected
Ships Obj # Inspected

Ships Obj # Inspected
Ships Obj Gap

1 6 5.90 6 5.90 6 5.90 0.00%
2 12 11.71 12 11.71 12 11.70 0.09%
3 18 17.43 18 17.43 18 17.42 0.06%
4 24 23.14 24 23.14 24 23.13 0.04%
5 30 28.83 30 28.83 30 28.82 0.03%
6 36 34.52 36 34.52 36 34.43 0.26%
7 42 40.09 42 40.09 42 40.02 0.17%
8 48 45.57 48 45.57 48 45.47 0.22%
9 54 50.99 54 50.99 54 50.89 0.20%
10 60 56.35 60 56.35 60 56.23 0.21%
5.5 33 31.45 33 31.45 33 31.40 0.13%

Figure 6a shows that the Obj continues to become larger with the increase in the
government ship number. Table 10 includes the number of inspected ships, from which
we can know that the solution of each instance reaches the upper limit of the inspection
capacity. This is due to the fact that the number of merchant ships (|V| = 500) is large
enough that the total number of merchant ships inspected by each government ship can
reach the inspection capacity limit K. The gap of WIS is still small as shown in Figure 6b,
with the average gap of 0.13%.

Figure 7a illustrates the CPU time required to solve instances with different gov-
ernment ship numbers using the three methods. The x-axis represents the number of
government ships and the y-axis represents the CPU time for solving the model in seconds.
Figure 7b illustrates the CPU time ratio of instances solved by the CIP and WIS methods.
The x-axis represents the government ship number and the y-axis represents the CPU
time ratio. Table 11 records the computation time of the three methods for instances with
different government ship numbers.

(a) (b)

Figure 7. Computation time of the three methods for instances with different government ship
numbers. (a) CPU time of instances solved by the three methods. (b) CPU time ratio of instances
solved by CIP and WIS.
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Table 11. Computation time of the three methods for instances with different government
ship numbers.

|M|
SIP CIP WIS

CPU Time (s) CPU Time (s) CPU Time Ratio CPU Time (s) CPU Time Ratio

1 0.0200 0.1179 0.17 0.0017 11.76
2 0.0375 0.1131 0.33 0.0037 10.14
3 0.1407 0.1073 1.31 0.0051 27.59
4 0.2501 0.1121 2.23 0.0069 36.25
5 0.3067 0.1243 2.47 0.0085 36.08
6 0.4788 0.1121 4.27 0.0102 46.94
7 0.2604 0.0935 2.79 0.0122 21.34
8 0.4201 0.1180 3.56 0.0138 30.44
9 0.7257 0.1144 6.34 0.0151 48.06
10 14.2978 0.1117 128.00 0.0165 866.53
5.5 1.6938 0.1124 15.06 0.0094 180.77

For the computation time of the three methods, from Figure 7a and Table 11, we can
see that the CPU time of these three methods is less than one second when |M| varies
from 1 to 9. However, the CPU time of instance with |M| = 10 increases to 14.2978 s.
Accordingly, CIP and WIS do not accelerate the solving process significantly in the first
nine instances as shown in Figure 7b, but they are outstanding in the last one, with the
CPU time ratio of CIP equaling 128.00 and the CPU time ratio of WIS equaling 866.53.

5.3.3. Divergent Inspection Capacities

To find out the influence of divergent inspection capacities, we set |N | = 20, |M| = 10,
and |V| = 500. The inspection capacity K ranges from 1 to 10.

Figure 8a shows the Obj of instances with different inspection capacities solved by the
three methods. The x-axis represents the inspection capacity, ranging from 1 to 10, and the
y-axis represents Obj. Figure 8b illustrates the gap of instances with different inspection
capacities solved by the WIS algorithm. Table 12 shows the solution quality of the three
methods for instances with different inspection capacities.

(a) (b)

Figure 8. Solution quality of the three methods for instances with different inspection capacities.
(a) Obj of instances solved by the three methods. (b) Optimality gap of instances solved by the
WIS algorithm.
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Table 12. Solution quality of the three methods for instances with different inspection capacities.

K

SIP CIP WIS

# Inspected
Ships Obj # Inspected

Ships Obj # Inspected
Ships Obj Gap

1 10 9.83 10 9.83 10 9.83 0.00%
2 20 19.49 20 19.49 20 19.49 0.00%
3 30 28.98 30 28.98 30 28.95 0.10%
4 40 38.26 40 38.26 40 38.21 0.13%
5 50 47.38 50 47.38 50 47.29 0.19%
6 60 56.35 60 56.35 60 56.23 0.21%
7 70 65.03 70 65.03 70 64.73 0.46%
8 80 73.28 80 73.28 80 73.07 0.29%
9 90 81.56 90 81.56 90 80.83 0.90%
10 100 89.66 100 89.66 100 89.28 0.42%
5.5 55 50.98 55 50.98 55 50.79 0.27%

We can learn from Figure 8a that the Obj increases with the expansion of inspection
capacity K. For the same instance, the Obj values obtained by the three methods are similar
and the numbers of inspected ships obtained by the three methods share the same value
as shown in Table 12. For the ten instances with different inspection capacities, all the
optimality gaps of the WIS algorithm are smaller than 1.00% as shown in Figure 8b.

Figure 9a illustrates the CPU time required to solve instances with different inspection
capacities using three methods. The x-axis represents the inspection capacity and the y-axis
represents the CPU time for solving the model in seconds. Figure 9b illustrates the CPU
time ratio of instances solved by the CIP and WIS methods. The x-axis represents the
inspection capacity and the y-axis represents the CPU time ratio. Table 13 records the
computation time of the three methods for instances with different inspection capacities.

From Figure 9 and Table 13, we can know that, when K ⩽ 4, the CPU time of all the
three methods is less than 1 s. When K ⩾ 5, the CPU time of SIP rapidly goes up, while
the CPU time of CIP and WIS remains less than 1 s as shown in Figure 9a. Therefore, the
values of the CPU time ratio of CIP and WIS increase a lot for instances with an inspection
capacity larger than 4 as shown in Figure 9b.

(a) (b)

Figure 9. Computation time of the three methods for instances with different inspection capacities.
(a) CPU time of instances solved by the three methods. (b) CPU time ratio of instances solved by CIP
and WIS.

To sum up, we conduct numerical experiments on the performance of the three methods,
i.e., the SIP model solved by Gurobi, the CIP model solved by Gurobi, and the WIS algorithm.
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From the perspective of the solution quality, SIP and CIP can obtain optimal solutions in all
instances, so they share the same Obj for the same instance. The optimal Obj increases with
the increase in merchant ship number |V| and gradually converges to a constant when |V|
is large enough. Since the WIS algorithm is a tailored heuristic algorithm, the Obj of WIS
is smaller than the optimal Obj for most instances and reaches optimality on one instance
among all 20 instances with different |V|. However, gaps of the Obj obtained by WIS are
smaller than 1.50%, with an average value of 0.37%. This demonstrates that the quality of
the solution obtained by WIS is relatively high. From the perspective of the computation
time, the CIP model, which eliminates symmetry, significantly outperforms the SIP model
with symmetry in terms of computational efficiency. Compared with the SIP model, the CPU
time ratio of the CIP model is 102.07 on average. WIS performs much more prominently
because its CPU time ratio has a maximum value of 5384.63 and an average value of 877.19.
This means that the solving speed of WIS is hundreds to thousands of times faster than the
speed of SIP solved by Gurobi. Hence, the proposed WIS algorithm can obtain a solution
with a small gap from an optimal solution at a faster speed, which significantly enhances
the solving efficiency. Furthermore, the experimental results of the sensitivity analysis show
that the three methods have stable performance under the condition of changing the location
number, the government ship number, or the inspection capacity. Changes in the location
number have a minimal impact on Obj, whereas increasing the number of government ships
or enhancing the inspection capacity can significantly increase Obj. Overall, the experimental
results validate the effectiveness of our proposed models and underscore the robustness and
reliability of our approach in practical applications.

Table 13. Computation time of the three methods for instances with different inspection capacities.

K
SIP CIP WIS

CPU Time (s) CPU Time (s) CPU Time Ratio CPU Time (s) CPU Time Ratio

1 0.1550 0.1362 1.14 0.0164 9.45
2 0.3601 0.1124 3.20 0.0164 21.96
3 0.6072 0.1215 5.00 0.0163 37.25
4 0.4802 0.1258 3.82 0.0163 29.46
5 2.1890 0.1254 17.46 0.0164 133.48
6 14.0011 0.1204 116.29 0.0167 838.39
7 9.4079 0.1422 66.16 0.0168 559.99
8 20.6243 0.1360 151.65 0.0165 1249.96
9 36.6615 0.1403 261.31 0.0165 2221.91
10 23.2500 0.1623 143.25 0.0171 1359.65
5.5 10.7736 0.1323 76.93 0.0165 646.15

6. Conclusions

In the context of the increasingly deteriorating global environment, the maritime sector
is responsible for 3% of global carbon emissions alongside a 20% increase in emissions
over the past decade, bearing a significant responsibility for environmental protection.
Inland waterway transport is essential for sustainable maritime transportation and is
regulated strictly for fuel quality. However, economic incentives lead crew members to
use cheaper, lower-quality fuels, making government inspections crucial. The existing
literature mainly focuses either on predicting the ship deficiency to select the inspected ship
efficiently, or optimizing the scheduling process of crews. Although a few studies consider
the ship selection and inspector scheduling simultaneously, they are not applicable to the
requirements of multi-inspector and multi-location scenarios in inland waterways and they
lack efficient heuristic algorithms for solving the problem.

To tackle the ship selection and inspector scheduling problem under the multi-inspector
and multi-location scenario, we develop an IP model with symmetry, the SIP model, and a
more compact, symmetry-eliminated version, the CIP model, to optimize the ship selection
and inspection scheduling problem. These two models are solved to optimality by the
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commercial solver Gurobi. Meanwhile, by observing the distribution of the sum of ship
weights at different locations, we design a heuristic algorithm tailored to the unique struc-
ture of the problem, i.e., the WIS algorithm, to solve large-scale problems more efficiently.
In the numerical experiments, we use the Yangtze River as an example to conduct the case
study. The results show that both solutions of the SIP model and the CIP model reach
optimality, with the latter one 102.07 times faster than the former one on average. The gap
of the objective value obtained by the WIS algorithm is less than 1.50%, with an average
value of 0.37%. As for the computation time, the speed of our algorithm is 877.19 times
faster than that of the SIP model solved by Gurobi. This demonstrates the outstanding
performance of the WIS algorithm in solving efficiency.

This study presents a novel approach to inland waterway ship inspections by integrating
ship selection and inspection scheduling. By leveraging ship visit information, such as their
arrival times and berthing periods, alongside port inspection resources, the study aids in
decision-making for planning inland ship inspections. This approach provides a more
practical and implementable solution, enhancing inspection efficiency and contributing to the
protection of the ecological environment in inland waterways. Such a method, in addition
to being applicable to multi-inspector and multi-location inspection scenarios in inland
waterways, can also address other practical problems, such as the inspection scheduling
problem in other fields, the package inspection problem in a warehouse, and the healthcare
resource allocation problem. However, the model assumes uniform inspection quality
across all inspectors, which may not reflect reality. Incorporating varying levels of inspector
expertise and experience could yield more accurate results. Meanwhile, further exploration
can consider the information on the ships to predict the importance of inspecting specific
ships in advance. This combination of prediction and optimization is able to ultimately
improve the overall inspection efficiency for the multi-inspector and multi-location scenario.
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