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ABSTRACT
This study explores how Machine Learning (ML) is being applied across seaport–hinterland networks
to improve operational decision-making in container shipping. It draws on a comprehensive sys-
tematic review of research published from 2008 to 2025, complemented by a bibliometric analysis
of publication trends. The reviewed literature is organised by ML methods, the operational chal-
lenges they target, and the data required for model development. Among the various applications
identified, container throughput forecasting is the most common. Frequently used datasets include
equipment counts, container throughput records, quay crane performance data, truck traffic vol-
umes, and weather information. Findings reveal a clear shift toward combining ML with hybrid
frameworks, operations research techniques, and simulation-based models, resulting in stronger
prediction accuracy and more robust decision support. The analysis also illustrates the ways ML
contributes to decision-making across seaport-hinterland operations, outlining emerging research
avenues, stakeholder-driven trends, key implementation issues, and practical recommendations.
Overall, the study provides a structured synthesis of current knowledge, mapping major themes and
developments while offering methodological insights for future ML research in this domain.
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1. Introduction

Container shipping plays a critical role in interna-
tional trade, moving vast volumes of goods world-
wide. According to UNCTAD (2024), global container
port throughput rose by 57% over the past decade,
from 545 million TEUs in 2010–858 million in 2023.
The container shipping process comprises three stages:
(i) seaport–hinterland connections, (ii) seaport opera-
tions, and (iii) maritime transport (Rodrigues, Mota,
Ojiako,Chipulu, Dweiri, 2023; Rodrigues, Mota, Oji-
ako,Chipulu, Marshall et al. 2023). This study focuses on
the first two.

As trade volumes grow and competition intensifies,
these stages face challenges including terminal capac-
ity constraints, rising rates, inflexible logistics, sched-
ule unpredictability, restricted hinterland access, cus-
tomer acquisition difficulties, and manpower short-
ages (Rodrigues, Mota, Ojiako,Chipulu, Marshall et al.
2023; UNCTAD 2024). These issues often lead to poor
integration. The sector has also become more vul-
nerable to external threats such as terrorism, with
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interconnectedness causing disruptions that trigger rip-
ple effects across supply chains.

To safeguard container shipping, stakeholders increas-
ingly use decision support tools that enhance resilience
and efficiency by integrating technologies capable of
processing large volumes of data with accuracy (Murty
et al. 2005). Such tools generate concise insights and
help stakeholders understand complex system dynam-
ics. They also enable proactive identification, commu-
nication, and mitigation of threats (Wide 2020), which
is essential in environments characterised by fluctuat-
ing demand and operational uncertainties such as vessel
arrivals and yard allocation (Legato and Mazza 2018).

Within this context, Machine Learning (ML) has
emerged as a powerful enabler of decision support,
enhancing the ability to process data and produce timely,
actionable insights (Agrawal et al. 2024). ML can anal-
yse vast datasets, uncover patterns with high accu-
racy (Filom, Amiri, and Razavi 2022), forecast disrup-
tions, and optimise responses, thereby improving logis-
tics resilience (Dornemann et al. 2020). Advances in
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computing power now allow sophisticated models with
greater predictive accuracy, drawing significant inter-
est from researchers and practitioners (Su, Peng, and Li
2021), including in seaport-hinterland operations (Yoon
et al. 2023).

Despite rising attention (Barua, Zou, and Zhou 2020),
ML applications in seaport-hinterland operations remain
fragmented due to diverse topics, varied ML categories,
and largely independent research streams. This fragmen-
tation obscures links between ML and operational chal-
lenges, limiting progress and adoption. A systematically
structured investigation is therefore needed to clarify the
evolution, framework, trends, and impact of current lit-
erature. Accordingly, we pose the first research question:

RQ1: What is the current state of the literature on
ML methods in seaport-hinterland operations, and how
can this literature be characterized in terms of research
trends?

There is also a need to understand relationships among
dominant themes. Mapping these connections clarifies
how ideas contribute to the broader knowledge base. This
study focuses on challenges addressed, data inputs used,
and ML techniques applied. Hence:

RQ2: What is the nature of the relationships among
dominant concepts and themes in the ML literature on
seaport – hinterland operations?

ML offers promise but faces data-related, methodolog-
ical, operational, organisational, and regulatory chal-
lenges (Basulo-Ribeiro and Teixeira 2024). These issues
hinder full exploitation of ML opportunities. Of particu-
lar interest is the challenges ML applications in seaport-
hinterland operations address, the types of input data
they utilise, and the ML methods they employ. Under-
standing how stakeholders categorise ML benefits and
barriers leads to our third question:

RQ3: How can ML methods support decision-making
in container shipping within seaport-hinterland opera-
tions?

The article proceeds as follows: Section 2 reviews seaport-
hinterland operations and ML applications. Section 3
outlines the methodology. Following Dolati Neghabadi,
Evrard Samuel, and Espinouse (2019), Xu et al. (2020),
and Messina, Eslami, and Castilla (2025), this study con-
ducts a bibliometric analysis and SLR of research from
2008 to March 2025. Section 4 presents bibliometric
findings (RQ1), Section 5 discusses SLR results (RQ2),
Section 6 synthesises findings (RQ3), and Section 7 con-
cludes with implications, limitations, and future research
directions.

2. Theoretical background

2.1. Container shipping

Container shipping is vital for global trade, providing
door-to-door connections across markets (Tseng and
Liao 2015). Despite its importance, it is highly com-
plex, involving multiple stakeholders (e.g. shipping lines,
terminal operators, freight forwarders, and inland car-
riers), often with differing objectives (Song 2021). The
container shipping process has three main stages, as pre-
sented in Figure 1: (i) seaport–hinterland connections,
involving cargo movement between ports and inland
nodes like dry ports and distribution centres (Behdani
et al. 2020; Sdoukopoulos and Boile 2020); (ii) sea-
port operations, covering management of cargo, pas-
sengers, and vessels (Notteboom, Pallis, and Rodrigue
2022); and (iii) maritime transport, the movement of
goods via waterways (Notteboom, Pallis, and Rodrigue
2022). This study focuses on the first two stages, though
effective coordination across all three is essential for
efficiency and competitive advantage (Rodrigues, Mota,
Ojiako,Chipulu, Marshall et al. 2023; Rodrigues, Mota,
Ojiako,Chipulu, Dweiri, 2023).

Seaport-hinterland connections typically start on the
export side with empty containers dispatched from
depots to shippers for loading. Loaded containers are
transported directly to seaports or via dry ports, which
provide storage, value-added services, and multimodal
links. Conversely, inland-origin operations involve load-
ing cargo into containers for export, while empty con-
tainers are moved to dry ports or seaports via road or
multimodal transport (Song 2021).

Seaport-hinterland connections are critical to sup-
ply chain performance, affecting delivery reliability and
accounting for 40-80% of logistics costs (Song 2021).
Hinterlands depend on inland infrastructure, which
shapes cost-effectiveness and transit times (Cullinane
and Wilmsmeier 2011). Dry ports and inland car-
riers facilitate container pick-up and return as if at
coastal terminals (Cullinane, Bergqvist, and Wilmsmeier
2012). Key challenges include congestion, customs pro-
cedures, competition, and uneven infrastructure quality
(Rodrigues et al. 2024). Previous studies examined con-
nectivity, risk, and coordination (Bentaleb, Charif, and
Semma 2015; Chen, Jeevan, and Cahoon 2016), but opti-
misation models often assume ideal conditions, over-
looking real-world uncertainties.

Seaport operations manage cargo flow, minimise
vessel turnaround, and provide value-added services
such as stuffing/unstuffing, warehousing, transshipment,



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 3

Figure 1. Seaport-hinterland network.

cross-docking, and inspection (Notteboom, Pallis, and
Rodrigue 2022). Activities also include gate-in, yard
allocation, vessel planning, and loading. The sea-
port–hinterland system thus spans from a shipper’s
empty container request to its loading onto a vessel. The
maritime leg between ports is beyond this study’s scope.
On import, containers move from the destination seaport
to the consignee, completing the door-to-door transport
process (Rodrigues, Mota, Ojiako,Chipulu, Dweiri, 2023;
Rodrigues, Mota, Ojiako,Chipulu, Marshall et al. 2023).

2.2. ML methods and applications

Defined as ‘ . . . a set of methods that can automatically
detect patterns in data, and then use the uncovered pat-
terns to predict future data, or to perform other types of
decision making under uncertainty’ (Murphy 2018, 1),
ML is a subfield of Artificial Intelligence (AI) (Brynjolf-
sson and Mitchell 2017; McKinsey & Company 2024a;
McKinsey & Company 2024b; Wang, Skeete, and Owusu
2022; Wang, Pinson, et al. 2022). ML focuses on develop-
ing algorithms that enable computers to learn from data
without explicit programming (Akbari and Do 2021).
Specifically, ML empowers systems to handle both struc-
tured and unstructured data through methods such as

neural networks (NN) and natural language processing
(NLP). These methods enable machines to demonstrate
a form of ‘intelligence’, enhancing their decision-making
capabilities, particularly in executing complex predic-
tive tasks independently (Duan, Edwards, and Dwivedi
2019). ML is fundamentally data-driven, requiring sub-
stantial datasets to operate effectively and to support the
automation of complex decision-making processes (Lolli
et al. 2019).

ML techniques are broadly categorised into three
types: (i) Supervised learning (SL), where algorithms are
trained on labelled datasets to perform prediction or
classification tasks (Domingos 2012); (ii) Unsupervised
learning (UL), which involves algorithms identifying pat-
terns in unlabelled data (Filom, Amiri, and Razavi 2022);
and (iii) Reinforcement learning (RL), where algorithms
employ agents that interact with dynamic environments
to maximise cumulative rewards (Barua, Zou, and Zhou
2020).

In recent years, the implementation of ML in logis-
tics and supply chain management has gained signif-
icant traction (Akbari and Do 2021). Several litera-
ture reviews have examined this trend. For example,
Woschank, Rauch, and Zsifkovits (2020) identified five
thematic areas of AI and ML application in smart
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Figure 2. Summary of prior relevant SLR.

logistics: cyber-physical system frameworks, predictive
maintenance, decision support, production planning,
and process improvement. Polo-Triana, Gutierrez, and
Leon-Becerra (2024) highlighted ML’s role in route opti-
misation, which contributes to reductions in fuel con-
sumption and delivery times. While Akbari and Do
(2021) note that most ML research focuses on trans-
portation, both Barua, Zou, and Zhou (2020) and Filom,
Amiri, and Razavi (2022) point out that despite its grow-
ing adoption as a decision-making tool, the port sector
has lagged in adopting ML compared to other stages of
the container shipping process.

Three systematic reviews, Barua, Zou, and Zhou
(2020), Filom, Amiri, and Razavi (2022), and Vlachos
and Reddy (2025), are particularly relevant to under-
standing ML applications in seaport–hinterland opera-
tions (see Figure 2). Their importance lies in addressing
the integrated nature of freight transportation, seaport

logistics, and hinterland connectivity, where disruptions
in one segment can cause cascading effects across the
entire network.

Barua, Zou, and Zhou (2020) reviewed ML applica-
tions in international freight, identifying demand fore-
casting, operations and asset maintenance, vessel trajec-
tory prediction, and other applications such as vehicle
trip generation. Filom, Amiri, and Razavi (2022) focused
on seaport operations, highlighting demand forecasting,
landside operations (stowage, truck routing, container
tracking), seaside operations (berth scheduling, vessel
arrival, turnaround), safety applications, and container
damage prediction. Vlachos and Reddy (2025) exam-
ined broader supply chains, noting demand forecasting
across sectors, supply chain resilience and risk manage-
ment, procurement processes, and network optimisation
including facility upgrades, last-mile logistics, and inven-
tory management.
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Figure 3. Research steps.

3. Methodology

This study analyses published research on ML appli-
cations in container shipping, focusing on decision-
making in seaport–hinterland operations. We employed
two approaches: bibliometric analysis (Donthu et al. 2021;
Linnenluecke, Marrone, and Singh 2020; Shang et al.
2015) and a systematic literature review (Colicchia and
Strozzi 2012), implemented in four steps, as shown in
Figure 3.

3.1. Step 1: setting out the study

The research began by defining the study’s scope. Draw-
ing on recent literature on ML in international freight
(Barua, Zou, and Zhou 2020) and seaport operations
(Filom, Amiri, and Razavi 2022), we identified a gap in
studies specifically analysing ML in seaport–hinterland
operations, which became our focus. We then articu-
lated the study’s aim, formulated three research ques-
tions, and developed a research protocol to guide subse-
quent steps, including database selection, search queries,
filters, inclusion/exclusion criteria, and article selection
(Linnenluecke, Marrone, and Singh 2020). Details of this
protocol are provided in the next section.

3.2. Step 2: data collection

Data collection followed the four steps of the PRISMA
framework (Page et al. 2021), as shown in Figure 4. Fol-
lowing PRISMA, we first located potential studies in the

SCOPUS and Web of Science databases, widely recog-
nised and frequently used in SLRs on logistics, produc-
tion, and operations management (Perotti et al. 2024;
Vishwakarma et al. 2023).

In designing our search string, we prioritised preci-
sion to obtain a representative sample without excessive
volume. Accordingly, the query was applied to article
titles only, following Rolf et al. (2022), Flores-García et al.
(2024), and Gunsenbauer and Gauster (2025). The search
comprised two categories with a total of 36 keywords: 21
on logistics operators and 15 on ML methods, enhancing
accuracy by capturing studies at the intersection of both
topics.

Keywords for logistics operators were combined
using the ‘OR’ operator, including terms such as: ‘con-
tainer freight station’, ‘container port’, ‘container termi-
nal’, ‘dry port’, ‘freight nodal terminal’, ‘freight trans-
portation’, ‘inland port’, ‘intermodal freight centre’, ‘inter-
modal freight terminal’, ‘intermodal transportation’, ‘mar-
itime transportation’, ‘multimodal transportation’ ‘port
automation’, ‘port management’, ‘port operations’, ‘rail
terminal’, ‘seaport-hinterland’, ‘seaport’, ‘shipping’, ‘smart
port’, ‘terminal operator’ (Filom, Amiri, and Razavi 2022;
Yoon et al. 2023).

Keywords for ML methods were combined using
the ‘OR’ operator, including terms such as: ‘artifi-
cial intelligence’, ‘artificial neural networks’, ‘big data’,
‘business analytics’, ‘data analytics’, ‘data science’, ‘deep
learning’, ‘digitisation’, ‘k-nearest neighbours’, ‘machine
learning’, ‘naive bayes’, ‘random forest’, ‘reinforcement
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Figure 4. PRISMA flow.

learning’, ‘supervised learning’, ‘support vector machine’,
‘unsupervised learning’ (Barua, Zou, and Zhou 2020;
Filom, Amiri, and Razavi 2022; Zhang et al. 2021).

The keyword categories were combined with ‘AND’ to
form the final search string, filtered for English-language
articles published between 2008 and 31 March 2025. This
retrieved 213 SCOPUS and 146 Web of Science records.
After removing duplicates, 228 unique articles remained.

Eligibility screening followed Table 1 criteria. Each
author scored titles and abstracts: 1 = ‘Not relevant’,
2 = ‘Perhaps relevant’, 3 = ‘Definitely relevant’. Articles
with multiple 1s were excluded, those with multiple
2s were discussed, and those with multiple 3s were
accepted, continuing until consensus (Chipulu et al.
2019; Rodrigues et al. 2024). Title screening removed 77
articles (151 remaining); abstract screening removed 83
more, leaving 68 for full review.

Lastly, during the eligibility step, the remaining 68
articles were reviewed. After applying the same scor-
ing system, 47 articles were found to meet the scope of
this review and served as the basis for the bibliometric
analysis and SLR.

3.3. Step 3: data analysis

The data analysis used two main approaches: (i) biblio-
metric analysis for RQ1 and (ii) SLR for RQ2. Biblio-
metric analysis employed three techniques: Performance
analysis, Science mapping, and Enrichment techniques
(Linnenluecke, Marrone, and Singh 2020), each address-
ing different aspects of the data (Figure 5).

In Performance analysis, publication metrics such as
total publications and journal productivity on ML in
seaport-hinterland operations were evaluated. Citation
metrics focused on Total Citations (TC) to assess research
impact, while combined metrics like Field-weighted Cita-
tion Impact (FWCI) provided a normalised measure by
comparing actual citations to expected citations for sim-
ilar works.

In Science mapping, we examined relationships and
influences among publications through citation analy-
sis, identifying the most influential works. Tools such
as VOSviewer, Excel, and Python libraries were used to
generate clear visualisations. For the SLR, article con-
tent was systematically extracted into spreadsheets to
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Table 1. Criteria for inclusion and exclusion.

S/N Criteria Rationale

1 Source Searches were conducted in the SCOPUS and Web of Science databases.
2 Period 2008 to 31 March 2025.
3 Language Only articles published in English.
4 Focus Papers not explicitly addressing logistics operators or ML applications were excluded. The study focuses on the use of

ML methods in seaport–hinterland operations, which defines its primary scope.
All documents, including notes and reviews, were considered. While editorials are often excluded (Podsakoff et al.

2008), citable editorials were included (Akmal et al. 2018), as they can reflect a journal or editor’s intellectual stance
on a topic (Nundy, Kakar, and Bhutta 2022).

5 Scope Papers falling outside this domain were omitted, as they do not align with the objectives of the research.
6 Document type All article types were considered, but only peer-reviewed journal articles were included; conference papers, books,

and book chapters were excluded.

Figure 5. Bibliometric analysis.

quantify research characteristics of ML applications in
seaport–hinterland operations. This identified key prob-
lems, commonly used ML methods and categories, pre-
dominant data inputs, research gaps, and practical impli-
cations for policymakers and practitioners. These find-
ings informed the discussion addressing RQ3.

3.4. Step 4: results

Here, we synthesised findings from the bibliometric anal-
ysis and SLR to address the research questions and
provide an integrated overview of ML applications in
seaport–hinterland operations. Results were grouped
into thematic categories to highlight implications for
research and practice. This synthesis forms the basis for
actionable recommendations and strategic guidance for
researchers, policymakers, seaports, dry ports, carriers,
and other logistics operators to enhance ML adoption
and impact.

4. Bibliometric analysis

The bibliometric analysis shows growing interest in
applying ML to seaport–hinterland operations (Figure
6). Only two articles appeared between 2008 and 2012
(42 citations), and none were published from 2012 to
2016, indicating limited attention despite ML’s wider
adoption in other sectors (Mahesh 2020). Between 2016
and 2020, four articles generated about 165 citations.
Research surged after 2020, with 41 articles published by
31 March 2025, amassing over 550 citations.

This surge reflects the global expansion and growing
recognition of AI technologies across multiple domains.
The marked rise in both publications and citations after
2020 underscores a significant shift toward adopting
ML in seaport-hinterland operations (Filom, Amiri, and
Razavi 2022; Yoon et al. 2023).

The FWCI-citation analysis (Figure 7) shows most
articles have 0–10 citations and FWCI values of 0-5,
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Figure 6. Quantity of articles and citations (2008-March 2025).

Figure 7. Relationship of number of citations and FWCI per methodology.

though one stands out with FWCI 35.5 (Chen, Liu,
et al. 2024). Highly cited works include Barua, Zou, and
Zhou (2020), Hu et al. (2021) and Filom, Amiri, and
Razavi (2022). The plot highlights methodological diver-
sity and impact in ML research on seaport–hinterland
operations. Systematic reviews (dark purple points) gen-
erally receive more citations, while most studies use case

studies, computational analyses, or model propositions.
Mixed approaches (light green-yellow points) combine
these methods, offering both theoretical and practical
insights, such as hybrid ML-optimisation frameworks
(Dai, Li, and Wang 2023; Jin et al. 2023) or simulations
comparing techniques. Case studies remain crucial for
linking research to practice (Jin et al. 2024).
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Figure 8. Keywords relational map.

Figure 8 displays co-occurring keywords using
VOSviewer, where larger nodes show higher frequency
and thicker, shorter links indicate stronger relatedness.
Central terms such as ‘Port terminals’ and ‘Container
terminal’ connect clusters including ‘Containers’, ‘Learn-
ing algorithm’, ‘Deep learning’, ‘Railroad yard and ter-
minals’, and ‘Reinforcement learning’. Peripheral nodes
indicate emerging topics. Seven highly cited studies high-
light ML’s varied applications in techniques (Fischer and
Krauss 2018), Long short-term memory (LSTM) time-
series forecasting (Hochreiter and Schmidhuber 1997),
container stacking systems (Rekik and Elkosantini 2019),
and seaport logistics decision support (Gosasang, Chan-
draprakaikul, and Kiattisin 2011).

Lastly, Table 2 summarises 47 articles, with Hu et al.
(2021) as the top-cited study applying Multi-agent deep
deterministic policy gradient (MADDPG) reinforcement
learning for Automated guided vehicles (AGVs) path
planning.

An analysis of journals publishing ML research on
seaport–hinterland operations shows that 47 articles
appeared across 33 journals, indicating no dedicated
outlet but strong interdisciplinary interest. The ‘Inter-
national Journal of Production Research’ leads with five
publications, followed by ‘Marine Science and Engineer-
ing’ with four and ‘Maritime Economics and Logistics’
with three. This distribution helps identify key publica-
tion venues and provides a concise bibliometric overview
addressing the first research question on where ML-
related seaport–hinterland studies are published.

5. SLR results

This section examines the relationships among key
concepts in the literature on ML applications in sea-
port–hinterland operations, focusing on the challenges
addressed, input data used, and ML methods applied,
thereby addressing RQ2. The reviewed articles were
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Table 2. Overview of the articles sorted by number of citations.

N° Year Article Journal Citations FWCI Methodology Location

1 2021 Hu et al. (2021) International Journal of Production
Research

79 9, 65 Experimental China

2 2022 Filom, Amiri, and Razavi
(2022)

Transportation Research Part E 79 6, 38 Systematic Review -

3 2020 Barua, Zou, and Zhou
(2020)

Research in Transportation
Business and Management

77 4, 87 Systematic Review -

4 2021 Yan, Wang, and Peng
(2021)

Journal of Computational Science 59 4, 88 Model proposition
Case study

Hong Kong, China

5 2024 Chen, Liu et al. (2024) Ocean and Coastal Management 50 35, 55 Experimental -
6 2020 Balster, Hansen, and

Friedrich (2020)
Business and Information Systems

Engineering
43 1, 64 Computational study Germany

7 2017 Tsai and Huang (2017) International Journal of Production
Research

41 1, 57 Experimental Shanghai, Hong Kong,
Shenzhen, China

Singapore, Singapore
Busan, South Korea
Kaohsiung, Keelung,
Taiwan
Yokohama, Kobe,
Nagoya, Japan

8 2023 Drungilas et al. (2023) Alexandria Engineering Journal 33 5, 17 Model proposition
Experimental

Klaipeda, Lithuania

9 2023 Peng et al. (2023) Maritime Policy and Management 30 4, 26 Model proposition
Case study

Shanghai, Ningbo,
China

Singapore, Singapore
10 2021 Zhang et al. (2021) IEEE Transactions on

Instrumentation and
Measurement

28 2, 04 Model proposition
Experimental

-

11 2010 Xie and Huynh (2010) Journal of Transportation
Engineering

25 0, 58 Experimental Houston, Bayport,
Barbours Cut, USA

12 2021 Kim et al. (2021) Sustainability 24 1, 32 Experimental
Case study

Busan, South Korea

13 2011 Zeng, Yang, and Hu (2011) Transport 17 − Model proposition
Experimental

-

14 2022 Atak and Arslanoğlu (2022) Ships and Offshore Structures 15 1, 61 Experimental
Case study

Turkey

15 2022 Zheng et al. (2022) Mathematics 15 2, 43 Model proposition
Experimental

Shanghai, China

16 2023 Dai, Li, and Wang (2023) Marine Science and Engineering 15 2, 12 Model proposition
Experimental

China

17 2023 Mansoursamaei et al.
(2023)

Journal of Advanced
Transportation

11 1, 64 Systematic Review -

18 2023 Jin et al. (2023) Transport Policy 11 3, 12 Model proposition
Experimental

Ningbo-Zhoushan,
China

19 2024 Jin et al. (2024) European Journal of Operational
Research

10 5, 4 Experimental
Computational study

Ningbo-Zhoushan,
China

20 2021 Li and He (2021a) Computacional Intelligence and
Neuroscience

10 1, 28 Model proposition
Computational study

China

21 2023 Li, Sheng et al. (2023) IEEE Transactions on
Instrumentation and
Measurement

8 1, 02 Model proposition
Experimental

China

22 2023 Gao, Chen, and Chang
(2023)

Marine Science and Engineering 8 1, 24 Model proposition
Experimental

-

23 2021 Li and He (2021b) Computacional Intelligence and
Neuroscience

8 0, 9 Experimental
Computational study

China

24 2024 Chen, Bai et al. (2024) IEEE Transactions on Evolutionary
Computation

7 3, 34 Experimental
Computational study

Ningbo Meishan, China

25 2023 Cuong et al. (2023) Maritime Economics and Logistics 7 1, 25 Model proposition
Experimental

Busan, South Korea

26 2024 Gong et al. (2024) International Journal of Production
Research

6 2, 36 Model proposition
Experimental

Xiamen, China

27 2022 Li et al. (2022) Infrastructures 6 0, 53 Model proposition China
28 2022 Ferretti et al. (2022) Future Internet 5 0, 49 Model proposition Barcelona, Spain.
29 2022 Cuong et al. (2022) Sustainability 5 0, 49 Model proposition

Case study
Busan, South Korea

30 2024 Durán et al. (2024) Journal of King Saud University –
Computer and Information
Sciences

4 2, 51 Model proposition
Case study

Valparaíso, Chile

31 2018 Ye, Dong, and Zhuang
(2018)

Neural Computing and
Applications

4 0, 07 Model proposition -

32 2024 Dinh et al. (2024) Polish Maritime Research 3 1, 44 Case study Haiphong, Vietnam

(continued).
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Table 2. Continued.

N° Year Article Journal Citations FWCI Methodology Location

33 2024 Temizceri and Kara (2024) Research in Transportation
Business and Management

3 1, 39 Case study Izmir, Turkey

34 2024 Liu et al. (2024) International Journal of Production
Research

3 1, 18 Model proposition
Experimental

-

35 2024 Zhang et al. (2024) Computers and Industrial
Engineering

2 1, 13 Experimental Tianjin, China

36 2024 Che, Wang, and Zhou
(2024)

IEEE Transactions on Intelligent
Transportation Systems

2 0, 9 Experimental
Computational study

Tianjin, China

37 2023 Li, Wang et al. (2023) International Journal of Systems
Science: Operations and Logistics

2 0, 27 Model proposition
Case study

China

38 2023 Yoon et al. (2023) Marine Science and Engineering 2 0, 35 Experimental
Computational study

Busan, South Korea

39 2024 Li et al. (2024) Maritime Economics and Logistics 1 0, 62 Case study Yantian, China
40 2024 Wang et al. (2024) International Journal of Production

Research
1 0, 39 Experimental Tianjin, China

41 2024 Chen, Qu et al. (2024) Applied Soft Computing − − Experimental
Computational study

Ningbo Meishan, China

42 2024 Tomljenovic,
Merzifonluoglu, and
Spigler (2024)

Annals of Operations Research − − Case study The Netherlands

43 2025 Shin et al. (2025) Maritime Policy and Management − − Experimental Gwangyang, Busan,
Incheon, South Korea

44 2025 Cuong et al. (2025) Engineering Applications of
Artificial Intelligence

− − Experimental
Computational study

-

45 2025 Jahangard, Xie, and Feng
(2025)

Maritime Economics and Logistics − − Systematic Review -

46 2025 Tang et al. (2025) Advanced Engineering Informatics − − Model proposition
Experimental

-

47 2025 Zhang et al. (2025) Journal of Marine Science and
Engineering

− − Experimental
Computational study

-

grouped by ML type into four categories: ‘Reinforce-
ment learning’, ‘Supervised learning’, ‘Unsupervised learn-
ing’, and ‘Hybrid’ (Table 3). Hybrid methods, which
combine multiple ML algorithms or integrate ML with
statistical, optimisation, or operations research (OR)
techniques, are particularly useful in complex contexts
like seaport–hinterland systems, as they can model
both linear and nonlinear relationships, often outper-
forming standalone approaches (Vlachos and Reddy
2025). Hybridisation frequently uses optimisation mod-
els to tune ML hyperparameters, enhancing training effi-
ciency and predictive performance. ML can also sup-
port preprocessing or surrogate modelling to reduce the
computational load of OR models (Filom, Amiri, and
Razavi 2022).

Hybrid ML methods dominate the literature, with 27
articles using combinations of multiple ML techniques
to address seaport–hinterland challenges (Filom, Amiri,
and Razavi 2022). Supervised learning appears in eight
studies, effective for tasks like time prediction, container
volume or throughput forecasting, detention prediction,
and container code recognition, highlighting its suitabil-
ity for labelled data. Reinforcement learning was applied
in seven studies, addressing yard scheduling, resource
allocation, and automated guided vehicle (AGV) path
planning. Unsupervised learning was rare, appearing in a
single study using clustering to detect anomalies in quay
crane operations.

Across the selected articles, 78 distinct ML and
optimisation methods were identified. Figure 9 shows
their distribution by category, with hybrid approaches
including only methods reported in more than one
article.

The most frequently applied ML methods identified
in the literature were Long short-term memory (9 arti-
cles), Gated recurrent unit (6 articles), Random Forest (6
articles), Proximal policy optimisation (5 articles), and
Extreme gradient boosting (5 articles). Long short-term
memory (LSTM) networks, a type of recurrent neural net-
work, excel at time series prediction by capturing long-
term dependencies (Shin et al. 2025). Gated recurrent unit
(GRU), a streamlined LSTM variant, reduces parameters
and speeds training while maintaining strong sequential-
data performance (Ferretti et al. 2022), though both
require large datasets and can be computationally
intensive.

Random Forest (RF) is effective for classification and
regression with structured, high-dimensional data (Dinh
et al. 2024), while Extreme gradient boosting (XGBoost)
is a scalable gradient boosting method for similar tasks
(Shin et al. 2025). Both offer interpretability but may
struggle with highly dynamic or unstructured data. Prox-
imal policy optimization (PPO), a reinforcement learn-
ing algorithm, is valued for stability and effectiveness in
dynamic control tasks such as scheduling and path plan-
ning (Tomljenovic, Merzifonluoglu, and Spigler 2024),
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Table 3. SLR result.

Article Challenges Method Input

Hybrid
Atak and Arslanoğlu

(2022).
Accident prediction. Extreme Gradient Boosting (XGBoost);

Light Gradient Boosting Machine
(LGBM); K-Nearest Neighbors (KNN);
Support Vector Machines (SVM);
Kernel SVM; Logistic Regression (LR);
Naive Bayes.

Quay crane cycle time; Vessel capacity;
Weather data.

Che, Wang, and Zhou
(2024).

AGVs schedule. Heterogeneous Graph Neural
Networks (HetGNNs); Multi-Agent
Proximal Policy Optimization
(MAPPO); Long Short-Term Memory
(LSTM); Domain Adaptation via
Cross-domain Style Transfer (DACS);
Independent Proximal Policy
Optimization (IPPO); Multi-Agent
Common Knowledge Reinforcement
Learning (MACS).

Charging stations; Number of AGVs; Number of
quay cranes; Number of tasks; Number of
yard cranes; Quay crane cycle time; Travel
distance; Travelling speed; Yard layout.

Chen, Liu et al. (2024). AGVs path planning. Artificial Potential Field (APF); Twin
Delayed Deep Deterministic (TD3);
Artificial Potential Field and Deep
Deterministic Policy Gradient
(APF-DDPG); Rapidly Exploring
Random Tree (RRT).

AGV position; Distance to obstacles; Number of
AGVs; Number of container storage points;
Number of quay cranes; Number of tasks;
Task distribution; Travel distance; Yard layout.

Chen, Bai et al. (2024). Truck dispatch. Double Deep Q-learning (DDQN);
Proximal Policy Optimization (PPO);
Deep Reinforcement
Learning-Assisted Genetic
Programming Hyper-Heuristics
(DRL-GPHH); Deep Reinforcement
Learning-Assisted Genetic
Programming Ensemble
Hyper-Heuristics (DRL-GPEHH).

Quay crane productivity; Quay crane working
and waiting time; Quay crane working status
(idle/working); Remaining number of tasks;
Task queues; Task sequence; Truck
congestion; Trucks requiring task
assignment; Yard crane working status
(idle/working).

Chen, Qu et al. (2024). Truck dispatch. Genetic Programming (GP); PPO; GP
and RL hybrid heuristic (GPRL-H).

End time of truck loading operations; End time
of unloading operations; Intersection status;
Start time of truck loading operations; Start
time of unloading operations; Truck’s
passing time.

Cuong et al. (2022). Container throughput
prediction.

LSTM; Random Forest (RF). Berth productivity; Container dwell-time;
Container terminal capacity; Container
throughput; Custom declaration time; Quay
crane productivity; Vessel turnaround time.

Cuong et al. (2023). Container throughput
prediction.

Lyapunov Exponent (LE); Information
Entropy; Hurst Exponent; Wavelet
Decomposition; Discrete Wavelet
Transform (DWT); LSTM.

Container throughput; Vessel traffic.

Cuong et al. (2025). Equipment schedule. Deep Q-learning (DQN); Quadratic
Unconstrained Binary Optimization
(QUBO); Quantum Approximate
Optimization Algorithm (QAOA);
Deep Reinforcement Learning –
Quantum Approximate Optimization
Algorithm (DRL-QAOA).

Duration of each operation on each
equipment; Number of AGVs; Number of
quay cranes; Number of tasks; Number of
yard cranes; Starting time of an operation on
some equipment; State space (job, machine,
operation); Task distribution.

Dai, Li, and Wang (2023). Vessel berth allocation. Greedy insert algorithm; DDQN. Berth capacity; Cargo type; Changeover
configuration time.

Ferretti et al. (2022). Container throughput
prediction.

LSTM; Gated Recurrent Unit (GRU);
Convolutional Neural Networks
(CNN).

Quantity of domestic containers; Quantity of
foreign containers; Volume of empty
containers; Volume of in-transit containers.

Gao, Chen, and Chang
(2023).

AGVs schedule. Conditional Neural Process (CNP);
Q-Learning.

AGV waiting time; AGVs task locations;
Equipment configuration; Number of AGVs;
Number of tasks; Traffic distribution; Travel
time; Vehicle capacity.

Gong et al. (2024). AGVs schedule. MDAS; Multi-Agent Deep Deterministic
Policy Gradient (MADDPG).

AGV acceleration; AGV arrival time; AGV
standard size (length, width, height); AGVs
position; AGVs task locations; Battery
capacity; Number of AGVs; Number of tasks;
Rated power; Rated voltage; Travelling
speed; Yard layout.

Kim et al. (2021). Accident prediction. Adaptive Boosting (AdaBoost);
Gradient Boosting (GB); LGBM;
XGBoost; Categorical Boosting
(CatBoost); RF; Principal Component
Analysis (PCA).

Container throughput; Number of internal
trucks; Number of quay cranes; Number of
vessels in berth; Number of yard cranes;
Truck volume; Weather data.

(continued).
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Table 3. Continued.

Article Challenges Method Input

Li and He (2021a). Vessel dwell-time prediction. LSTM; GRU; Bidirectional LSTM;
Bidirectional GRU.

Quay crane cycle time; Vessel turnaround time.

Li and He (2021b). Vessel handling time
prediction.

LSTM; GRU; Bidirectional LSTM;
Bidirectional GRU; Dense Network;
CNN; Attention Mechanism.

Container throughput; Gross crane rate by
container units; Gross crane rate by TEUs;
Liner handling time; Quay crane cycle time;
Service route number; Shifting quantity of
hatch cover; Ship length; Ship rate by
container units; Ship rate by TEUs; Shipping
company encoding; Total handling volume
by TEUs; Vessel turnaround time;

Li, Sheng et al. (2023). Truck volume prediction. GRU; Fully Connected Neural Network
(FCNN).

Count of loaded containers; Temporal data
(hour, weekday, month); Truck volume;
Weather data.

Li, Wang et al. (2023). Inland transportation plan. KNN; Adaptive Large Neighborhood
Search (ALNS).

Customer location; Inland vehicle capacity;
Pickup and delivery demands.

Li et al. (2024). Arrival time prediction. CNN; GRU; Deep Neural Network
(DNN).

Liner routes; Temporal data (hour, weekday,
month); Truck volume; Vessel arrival time;
Weather data; Yard cut-off time.

Liu et al. (2024). Equipment schedule. Graph Convolution Network (GCN);
Mixed-Integer Linear Programming
(MILP).

Container throughput; Number of internal
trucks; Number of quay cranes; Number of
vessels in berth; Number of yard cranes;
Truck volume.

Tang et al. (2025). Equipment schedule. DDQN; Agent-Based Simulation (ABS);
Discrete Event Simulation (DES).

Arrival time of each task assigned to a yard
crane; Estimated preparation time for each
task; Estimated processing time for each
task; Number of vehicles currently in the
waiting queue; Remaining time for each yard
crane to complete its task; Target handling
location of each yard crane; Task location;
Truck volume; Yard crane location; Yard crane
working status (idle/working).

Temizceri and Kara (2024). Inland transportation plan. Multiple Linear Regression (MLR);
Support Vector Regression (SVR);
Decision Tree (DT); RF; Bi-objective
optimisation model; �-constraint
method.

Barge capacity; CO2 Emission; Customer
distances; Inland truck trip schedule; Train
capacity; Transportation cost.

Xie and Huynh (2010). Truck volume prediction. Gaussian Processes (GPs); SVM. Count of discharged containers; Count of
loaded containers; Truck volume.

Ye, Dong, and Zhuang
(2018).

Seaport resources sharing. Deep Reinforcement Learning with
Self-Play; Iterative Best Response
Simulation; Personalised Behaviour
Modeling; Cost-Benefit Simulation
Analysis.

Availability of resources; Cost of seaport
sharing resources; Level of resource sharing;
Number of internal trucks; Number of quay
cranes; Number of yard cranes; Utilisation
level of other seaports’ resources.

Yoon et al. (2023). Vessel dwell-time prediction. GBM; RF. Ship age; Ship capacity; Ship gross tonnage;
Ship length; Ship width.

Zhang et al. (2021). Container code recognition. Adaptive Score Aggregation (ASA);
Average to Maximum Suppression
Range (AMSR); Convolutional
Recurrent Neural Network (CRNN).

Container images.

Zhang et al. (2024). Speed control. Q-learning; Multi-agent simulation. Loading sequence; Task priority; The
working/idle status of the AGVs; Travel
distance.

Zhang et al. (2025). Equipment schedule. Disjunctive graph model; GNN; PPO. Internal truck length; Number of internal
trucks; Number of quay cranes; Number of
tasks; Number of yard cranes; Quay crane
cycle time; Safety distance between internal
trucks; Travelling speed; Truck volume; Yard
bay index distribution; Yard bay length; Yard
crane capacity; Yard crane cycle time; Yard
transport area dimensions.

Reinforcement learning
Drungilas et al. (2023). Speed control. Deep Deterministic Policy Gradient

(DDPG)
AGV acceleration; AGV energy consumption;

AGV route; Travel distance; Travelling speed.
Hu et al. (2021) AGVs path planning. MADDPG. AGVs position; Number of AGVs; Number of

nodes; Travel time.

(continued).
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Table 3. Continued.

Article Challenges Method Input

Jin et al. (2024). Truck dispatch. PPO. Clipping rate; Constraints; Container location
and allocation; Equipment number; Number
of episodes per iteration; Number of
iterations; Number of updates per iteration;
Quay crane cycle time; Road network; Steps
per episode; Travelling speed; Truck
congestion; Yard (berth) area size; Yard crane
scheduling.

Tomljenovic,
Merzifonluoglu, and
Spigler (2024).

Inland transportation plan. PPO. Arrival time to the origin seaport; Barge
capacity; Barge fleet; Container throughput;
Container weight; Delivery due date;
Destination seaport; Inland travel duration;
Origin seaport; Set of seaports.

Wang et al. (2024). Container Pre-Marshalling. Improved Q-learning (IQL). Capacity of the yard bay; Initial bay
configuration; Layout of the yard bay;
Number of containers in the yard bay.

Zeng, Yang, and Hu (2011). Equipment schedule. Q-Learning. Number of internal trucks; Number of quay
cranes; Number of yard cranes; Quay crane
cycle time; Task location; Yard crane cycle
time; Container images.

Zheng et al. (2022). AGVs schedule. Deep Q-network (DQN). AGV waiting time; AGVs position; Number of
tasks; The working/idle status of the AGVs;
Travel distance.

Supervised learning
Balster, Hansen, and

Friedrich (2020).
Inland arrival time prediction. Linear Regression Trees (LRT); RF; GB;

Ordinal Forests (OF).
Actual departure date; Actual train; Booking

number; Cargo destination; Cargo type;
Container arrival frequency; Container
departure frequency; Container number;
Container weight; Customs; Dangerous
goods; Inland arrival date; Inland operator;
Number of containers (yard); Number of TEU
(yard); Number of trains; Planned departure
date; Planned train; Temporal data (hour,
weekday, month); Time to next train; Train
length; Weather data.

Dinh et al. (2024). Vessel dwell-time prediction. DT; XGBoost; RF. Berth draft; Berth length; Ship draft; Ship
length; Vessel turnaround time; Vessel
waiting time.

Durán et al. (2024). Container throughput
prediction.

LR; SVR; LSTM. Cargo value; Cargo weight; Container number;
Customs; Region; Seaport of shipment;
Temporal data (hour, weekday, month).

Jin et al. (2023). Container throughput
prediction.

XGBoost. Gate in/out throughput; Planned
loading/unloading containers on the
assigned vessel; Temporal data (hour,
weekday, month); Time before vessel’s ETA;
Trade type (domestic or international);
Vessel’s Estimated time of arrival (ETA);
Weather data;

Peng et al. (2023). Vessel dwell-time prediction;
Vessel traffic prediction.

LSTM. Quay crane cycle time; Vessel traffic; Vessel
turnaround time; Waiting time of other
seaports.

Shin et al. (2025). Truck turnaround time
prediction.

LSTM; GRU; SVR; XGBoost. Cargo volume handled per truck turnaround
time; Cargo weight; Gate entry schedules for
trucks; Temporal data (hour, weekday,
month); Time of truck entrance; Truck
turnaround time; Weather data.

Tsai and Huang (2017). Container throughput
prediction.

Feed Forward Multilayer Perceptron
Neural Networks (MLPNN).

Container throughput; Country GDP; Economic
growth rate; Exchange rate; Export trade;
Import trade; Industrial production index;
Seaport-to-seaport container flow.

Yan, Wang, and Peng
(2021).

Ship detention prediction. Balanced Random Forest (BRF). Cargo type; Casualties in the last five years;
Follow-up inspection rate; Last deficiency
number; Last SSC inspection time; Number
of previous deficiencies and detentions;
Recognised Organisation performance;
Safety record; Seaport State Control (SSC)
inspections; Ship age; Ship beam; Ship draft;
Ship flag; Ship gross tonnage; Ship length;
Ship type; Ship width;
Ship-company-performance; Times of ship
flag changes.

Unsupervised learning
Li et al. (2022). Crane anomaly detection. K-means clustering. Crane vibration.
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Figure 9. Classification of methods by learning category.

though it requires careful hyperparameter tuning and has
limited interpretability.

These methods were applied across seven domains:
‘Container’ (8 studies), ‘AGV/ART’ (Automated guided
vehicles/Automated rail transport) (8 studies), ‘Equip-
ment’ (7 studies), ‘Truck’ (7 studies), ‘Vessel operation’ (7
studies), ‘Hinterland’ (4 studies), and ‘Accident’ (2 stud-
ies), as illustrated in Figure 10, reflecting a strong focus
on optimising seaport operations, particularly equip-
ment scheduling and coordination. The emphasis on
AGV/ART in automated terminals aligns with industry
trends toward automation, reducing turnaround times
and labour costs, and improving overall port produc-
tivity (Chen, Liu et al. 2024). While container handling
and vessel operations remain well-studied, hinterland
operations are underrepresented, highlighting a research
gap.

Within each domain, Figure 10 shows operational
challenges addressed by ML. Container throughput pre-
diction was the most examined challenge (six studies),
enabling better planning, congestion management, berth
assignments, and resource allocation, critical factors in
seaport–hinterland operations (Ferretti et al. 2022).

Equipment scheduling was the second most studied
challenge, examined in five articles. Liu et al. (2024) pro-
posed a hybrid method to improve container terminal
scheduling, Cuong et al. (2025) focused on optimising
multi-equipment coordination to reduce makespan, and
Zhang et al. (2025) addressed integrated scheduling of
quay cranes, IGVs, and rail cranes to minimise task com-
pletion time. These studies highlight the role of intelli-
gent scheduling in managing complex equipment inter-
actions, boosting throughput, and adapting to dynamic
port conditions.
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Figure 10. Seaport-hinterland operations challenges.

Automated guided vehicles (AGV) scheduling and
vessel dwell-time prediction were each studied in four
articles. ML methods in AGV scheduling aim to opti-
mise task allocation, minimise idle time, and coordinate
multiple AGVs in congested environments (Che, Wang,
and Zhou 2024). Vessel dwell-time prediction improves
docking and undocking planning, workforce deploy-
ment, equipment utilisation, and provides shipping lines
with accurate departure estimates (Yoon et al. 2023).

Accident prediction and hinterland operations remain
underrepresented. Accident prediction suffers from

highly imbalanced datasets and incomplete or difficult-
to-classify variables such as accident type, cause, and tim-
ing (Kim et al. 2021), while analysis requires contextualis-
ing accidents and selecting features for risk management
(Atak and Arslanoğlu 2022). Hinterland operations face
data limitations, restricted sharing, and resource con-
straints in smaller terminals with less advanced Termi-
nal operating systems (TOS) (Cerin and Beškovnik 2024;
Filom, Amiri, and Razavi 2022).

A cross-tabulation of 78 ML and optimisation meth-
ods across 43 seaport–hinterland challenges revealed
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Figure 11. Input variables relationship.

no clear pattern in method selection. Certain meth-
ods recurred: LSTM was used four times for container
throughput and twice for vessel dwell-time; PPO three
times for truck dispatch; RF twice for vessel dwell-
time; and Light Gradient Boosting Machine (LGBM)
and XGBoost twice for accident prediction. While some
methods appear across challenges, overall usage shows no
distinct preference.

Appendix 1 maps challenges to the corresponding data
inputs, aiding researchers and practitioners in under-
standing the data required for effective ML applications.
Figure 11 illustrates five clusters of related data inputs,
considering only those cited more than three times.

The red cluster, concerning AGV coordination and
yard logistics, includes AGV waiting time, positions,
numbers of AGVs and tasks, task distribution, work-
ing/idle status, travel distance and time, and yard layout.
The green cluster, linked to terminal productivity and
performance, covers container throughput, quay crane
cycle time and productivity, travel speed, truck conges-
tion, vessel traffic and turnaround, and yard crane sta-
tus. The blue cluster, focused on real-time visual moni-
toring and equipment deployment, comprises container
images, internal trucks, quay cranes, vessels at berth, task
location, and yard crane cycle time. The yellow cluster,
reflecting vessel characteristics, includes cargo type, ship
age, draft, tonnage, length, and width. The purple cluster,
representing external factors, covers cargo weight, con-
tainer count, temporal data, truck volume, and weather.
This clustering addresses RQ2, highlighting methods,
challenges, and data needs for ML in seaport–hinterland
operations.

6. Discussion

This section addresses RQ3, examining how ML meth-
ods support decision-making in container shipping
within seaport–hinterland operations. The discussion
focuses on: (i) trends and research opportunities for
ML, organised around the operational stages of the sea-
port–hinterland network, and (ii) challenges and recom-
mendations for applying ML methods.

6.1. ML within seaport-hinterland operations

6.1.1. Seaport operations
Starting with Seaport operations, ML is well-established,
with 39 of 43 reviewed studies focusing on this segment
of the seaport–hinterland logistics chain. A major appli-
cation is Demand forecasting, where ML uses historical
and real-time TOS data to predict container through-
put and truck arrivals, supporting terminal planning and
congestion management (Cuong et al. 2023; Li, Sheng
et al. 2023). Predictive modelling is also applied to vessel
operations, forecasting dwell times and quay crane dura-
tions, aiding berth scheduling, resource allocation, and
gate operations (Jahangard, Xie, and Feng 2025; Shin et al.
2025).

Optimisation via hybrid ML-traditional methods is
another focus. Container-handling equipment accounts
for 15–25% of port energy use (Zhang et al. 2025). Deep
reinforcement learning dominates AGV scheduling and
path planning, reflecting automation trends (Che, Wang,
and Zhou 2024; Gong et al. 2024), while coordinating
yard cranes, reach stackers, and internal trucks reduces
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Figure 12. Trend-topping, research opportunities, challenges and recommendations.
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makespan and improves synchronisation (Cuong et al.
2025; Tang et al. 2025). ML-based truck dispatching
enhances berth and yard efficiency, with systems like
Singapore’s SAFER project and Navis N4 TOS demon-
strating practical viability (Stork 2019; Yeo et al. 2019).

Despite progress, gaps remain. ML in pre-marshalling
is limited (Wang et al. 2024), and container dwell
time prediction, handling moves, inspection allocation,
empty container distribution, and customer clustering
are largely unaddressed (Jahangard, Xie, and Feng 2025).
Predictive and prescriptive maintenance is sparse, with
only one study using unsupervised learning for crane
gearbox anomaly detection (Li et al. 2022). Automation
adoption is low; while some terminals advance toward
autonomy (Gao, Chen, and Chang 2023; Zheng et al.
2022), 97% of ports still lack automation (UNCTAD
2018), highlighting a gap between research and practice.
Future research should support digital transformation
across all port maturity levels. Next, ML applications in
inland transportation are examined.

6.1.2. Inland transportation
Most studies focus on seaport operations, while Inland
transportation remains underexplored despite its crit-
ical role in seaport–hinterland connectivity and port
competitiveness (UNCTAD 2024). Efficient coordination
depends on accurate schedule predictions and opera-
tional reliability, where ML excels at modelling complex,
dynamic systems (Filom, Amiri, and Razavi 2022).

Recent research highlights ML’s potential in inland
container logistics. Balster, Hansen, and Friedrich (2020)
show ML predicts ETAs for intermodal freight, includ-
ing terminal handling and road/rail transit, aiding dis-
ruption management. Li, Wang et al. (2023) propose a
hybrid KNN–ALNS model to optimise freight routing
among dry ports, satellites, and end customers. Toml-
jenovic, Merzifonluoglu, and Spigler (2024) use rein-
forcement learning to automate decisions and gener-
ate agile delivery schedules. Temizceri and Kara (2024)
apply ML to forecast CO2 emissions in a bi-objective
intermodal problem, supporting sustainable logistics in
Turkey.

Many ML applications remain untapped. Barua, Zou,
and Zhou (2020) highlight potential uses in vessel trajec-
tory prediction, on-time freight analysis, and truck traffic
modelling. Demand forecasting for road and rail trans-
port could further support strategic resource allocation,
similar to seaport practices.

Hinterland efficiency increasingly drives port com-
petitiveness (Rodrigues, Mota, Ojiako,Chipulu, Dweiri,
2023; Rodrigues, Mota, Ojiako,Chipulu, Marshall et al.
2023). In East Africa’s Northern Corridor, delays account
for 44% of inland transport costs (UNCTAD 2024),

underscoring ML’s potential. Hybrid models could
optimise cargo transfer points and multimodal routes
using real-time, multi-criteria decisions, reducing costs,
improving service, and enhancing reliability. ML-based
emissions forecasting also enables more sustainable plan-
ning. Inland transport should be studied alongside dry
ports, depots, and other stakeholders.

6.1.3. Dry ports and depots
This study highlights a key research gap: the application
of ML in inland logistics facilities, such as dry ports and
depots. None of the reviewed articles addressed this com-
ponent of the seaport–hinterland network, despite its role
in decentralising customs and regulatory functions from
congested seaports (UNCTAD 2024).

Dry port facilities have grown globally, from 153 in
Asia and the Pacific in 2016–186 in 2024, with 89 more
under development (UNCTAD 2024). Growth is also
seen in Brazil (Rodrigues et al. 2021), India (Haralam-
bides and Gujar 2011), and Russia (Panova and Hilmola
2015), though Europe leads due to its dense railway
network (Notteboom, Pallis, and Rodrigue 2022). Func-
tionally like seaports, dry ports perform most terminal
operations except vessel handling (Jeevan et al. 2022).

This similarity presents opportunities to apply ML for
container throughput forecasting, accident prediction,
equipment allocation, handling time estimation, yard
scheduling, and truck/rail arrival prediction. Underex-
plored areas in seaports such as predictive maintenance,
dwell-time estimation, and customs optimisation, could
also be adapted for dry ports.

Digitalisation in dry ports faces challenges, includ-
ing multimodal network management, service integra-
tion, coordination with multiple carriers, and the need
for robust IT infrastructure and data governance, caus-
ing data-driven decision-making to lag behind major
seaports. Future research should explore ML implemen-
tation in inland logistics facilities. Large European dry
ports such as GVZ Bremen, Interporto Verona, and
Plaza Zaragoza (DGG 2020), and Asian hubs like Ningbo
Zhoushan and Incheon (UNCTAD 2024), offer valuable
testbeds. Comparative studies could identify scalable dig-
ital solutions and promote integrated, intelligent, sustain-
able logistics networks. Next, we turn to ML applications
in port community cooperation.

6.1.4. Port community
Supply chain competitiveness depends on partner coop-
eration, supported by digital and integrated data solu-
tions. The port community, including shipping lines,
freight forwarders, customs authorities, and seaport
operators, is vital for coordinating container shipping
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operations (Caldeirinha et al. 2020). Lack of trust, mis-
aligned goals, and limited understanding can reduce port
performance (Notteboom, Pallis, and Rodrigue 2022).

Seaport digitalisation relies on Port Community Sys-
tems (PCS) and blockchain (Durán et al. 2024). PCS
integrate and share data among seaport–hinterland oper-
ators, supporting information exchange between carriers,
importers, exporters, and customs authorities (Moros-
Daza, Amaya-Mier, and Paternina-Arboleda 2020). PCS
also enable ML-based decision-making, demonstrated
in Valencia (Jeevan, Chen, and Lee 2015), Rotterdam
(Simoni et al. 2022), and the North Adriatic Sea (Cerin
and Beškovnik 2024). Adoption is limited by data gaps,
poor communication, and weak TOS integration, espe-
cially in smaller terminals.

Durán et al. (2024) proposed the DMLBC frame-
work, a distributed blockchain platform managing ML-
forecasted KPIs to enhance real-time decisions and trans-
parency. Blockchain tracks transactions, while PCS facil-
itate stakeholder interactions, they are complementary,
not exclusive (Notteboom, Pallis, and Rodrigue 2022).
Adoption varies: Valparaíso uses PCS effectively, Rotter-
dam struggles with multiple independent systems, and
Valencia, Singapore, and Busan use PCS without full
blockchain adoption (Durán et al. 2024).

Stronger integration and coordination can boost hin-
terland competitiveness (Ha and Ahn 2017), requiring
collaboration (Rodrigues, Mota, Ojiako,Chipulu, Mar-
shall et al. 2023), attention to data privacy (Filom,
Amiri, and Razavi 2022), and shared ML-driven bene-
fits. Future research should examine how practitioners
adopt data-driven techniques via PCS and blockchain
platforms. Following this overview, the next section dis-
cusses challenges and recommendations for applying ML
methods.

6.2. Challenges and recommendations for applying
ML methods

The use of tools for data-driven decision-making is
increasingly becoming a reality. However, in container
shipping, particularly across seaport–hinterland net-
works, stakeholders have yet to fully leverage its transfor-
mative potential. This gap stems from challenges related
to data availability and quality, infrastructure, practical
applicability, human factors, and regulatory barriers.

Seaports generate diverse datasets, structured and
unstructured, spatial and temporal, from sources such
as TOS, Vessel traffic management systems (VTMS),
meteorological services, and informal communications
(Jahangard, Xie, and Feng 2025). Extracting actionable
value from these disparate sources is complex, espe-
cially when integrating external variables like economic

indicators, political disruptions, or weather. Data frag-
mentation across departments and stakeholders leads to
inconsistencies and incompleteness (Dinh et al. 2024),
requiring substantial effort for cleaning, harmonisation,
and validation.

These data challenges are linked to computational
demands. Scalable ML systems need significant comput-
ing power for high-dimensional datasets and complex
network models, with continual retraining further raising
costs (Vlachos and Reddy 2025). Maintaining real-time
responsiveness while processing large-scale data streams
is critical, making efficiency-performance balance a key
concern.

Human and regulatory factors also hinder ML adop-
tion. Resistance to change, inconsistent digital readiness,
and varying technological literacy pose barriers (Filom,
Amiri, and Razavi 2022; Vlachos and Reddy 2025). Lead-
ership, trust-building, and training programmes are cru-
cial for engagement, while fragmented legal frameworks
on data ownership, privacy, and cybersecurity impede
sharing and slow adoption.

Despite ML’s potential, real-world implementation
is limited. Overly optimistic expectations often ignore
operational constraints, especially when models are not
integrated into daily processes (Jahangard, Xie, and Feng
2025). Lack of algorithmic transparency erodes trust, and
many ports rely on legacy systems incompatible with
modern AI, making retrofitting costly and technically
challenging.

Nonetheless, ML-focused research in seaport–hinter
land contexts has grown in the past five years. Under-
explored technologies, like computer vision for cargo
security and Natural language processing (NLP) for cus-
toms, document analysis, and operational communi-
cations, present opportunities. Internet of Things (IoT)
advancements, including smart sensors on containers
and equipment, allow real-time monitoring, predictive
dispatching, delay forecasting, and safety enhancement
when integrated with ML (Barua, Zou, and Zhou 2020).

ML models provide predictive power but must be inte-
grated within qualitative frameworks to capture stake-
holder perspectives. Methods like Strategic options devel-
opment and analysis (SODA), Value-focused thinking
(VFT), and Design Thinking (DT) support decision-
maker involvement, improving interpretability, align-
ment, and strategic effectiveness (Sinnaiah, Adam, and
Mahadi 2023).

The integration of ML into seaport–hinterland net-
works is increasingly seen as critical for supply chain
competitiveness, efficiency, and sustainability. While bar-
riers remain, they can be addressed through strategic
planning, phased implementation, and sustained stake-
holder collaboration.
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• First, technological adoption must be supported by
robust internal governance, without which digital
transformation is unlikely to succeed (Estévez et al.
2023). Strong governance curtails optimism bias and
breaks data silos by establishing clear accountability
and collaboration frameworks (addressing challenges
of ‘Industry fragmentation’, ‘Resistance to change’, and
the ‘Overlooking of operational realities’).

• Second, pilot projects provide a practical entry point.
Incremental implementation builds trust, demon-
strates value, and guides scaling (addressing chal-
lenges of ‘Resistance to change’ and the ‘Lack of algo-
rithmic transparency’). Organisations should prioritise
high-impact areas where ML offers clear benefits, sup-
ported by qualitative methods to select applications
(Stork 2019).

• Third, cultural change must be promoted through
training and engagement. Digital transformation
involves people as much as technology. Investment
in change management and workforce development
(directly tackling challenges stemming from ‘Resis-
tance to change’). Pilot projects can also serve as train-
ing grounds, bringing together data scientists, ana-
lysts, terminal specialists, and project managers.

• Fourth, pilot successes should foster stakeholder col-
laboration. Demonstrating tangible outcomes, even
in basic tasks like container throughput forecast-
ing, helps overcome scepticism and unify stake-
holders around a shared vision (addressing chal-
lenges associated with ‘Overlooking critical stakeholder
insights’). Collaboration among technology providers,
academia, and industry is essential for scaling ML
adoption (Vlachos and Reddy 2025).

• Fifth, a shared data strategy is crucial to ensure seam-
less availability, accuracy, and integration across sys-
tems (addressing challenges associated with ‘Data
fragmentation’, ‘Maintaining real-time data respon-
siveness’, and ‘Limited digital readiness’). PCS and
blockchain technologies can support this integration.

• Sixth, rapid model training and deployment should
be prioritised (addressing challenges associated with
‘Computational demands’). Early, iterative demonstra-
tion of ML value supports continuous improvement
(Vlachos and Reddy 2025).

Machine Learning (ML) plays an increasingly impor-
tant role in supporting decision-making across sea-
port–hinterland operations, though adoption remains
uneven. Most existing applications focus on seaport
terminals, where ML is well established in forecast-
ing, optimisation, and automation. Demand forecast-
ing is the dominant application, using historical and
real-time TOS data to predict container throughput,

truck arrivals, dwell times, and quay crane durations.
These predictions enhance berth scheduling, resource
allocation, congestion management, and gate opera-
tions. Hybrid ML-optimisation approaches are widely
used to improve equipment utilisation, particularly for
AGVs, yard cranes, and internal trucks. Deep reinforce-
ment learning has become central to AGV schedul-
ing and path planning, reflecting the broader automa-
tion trend. Despite this progress, several areas remain
underexplored, including pre-marshalling, predictive
maintenance, handling moves, and empty container
logistics.

In contrast, inland transportation is far less investi-
gated, even though hinterland efficiency is a major driver
of port competitiveness. Recent studies show ML’s capac-
ity to predict intermodal freight ETAs, optimise routing
between dry ports and end customers, automate delivery
scheduling, and forecast CO2 emissions for sustainable
logistics. Yet many opportunities, such as vessel trajec-
tory prediction, truck traffic modelling, and multimodal
network optimisation, remain largely unaddressed.

Research on dry ports and depots is almost non-
existent, despite their expanding global importance and
operational similarity to seaports. ML could support
forecasting, yard scheduling, equipment allocation, pre-
dictive maintenance, and customs optimisation in these
inland facilities, but implementation is limited by frag-
mented data and weaker digital infrastructures. Port
community collaboration is another emerging area, sup-
ported by PCS and blockchain platforms. These systems
enable integrated data exchange and provide a founda-
tion for ML-driven decision support, although adop-
tion varies across regions and is constrained by data
privacy, interoperability, and stakeholder trust. Overall,
ML offers clear benefits across the seaport–hinterland
chain, but real-world implementation is hindered by
data fragmentation, computational demands, legacy sys-
tems, inconsistent digital readiness, and regulatory bar-
riers. Strategic governance, pilot projects, workforce
development, shared data strategies, and stronger col-
laboration are essential for unlocking ML’s transfor-
mative potential. Figure 12 presents a visual synthe-
sis of the research opportunities, challenges and rec-
ommendations for applying ML in seaport–hinterland
operations.

7. Conclusion

Effective management of seaport–hinterland operations
is vital for resilience against disruptions and for optimis-
ing container shipping efficiency. As multimodal trans-
port networks grow more complex and digital transfor-
mation advances, ML has become a valuable tool for
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operational decision support. Yet, despite its potential,
no studies have explicitly examined ML within the inte-
grated context of seaport–hinterland operations. This
research gap motivated our bibliometric analysis and
systematic literature review of ML applications in oper-
ational decision-making across seaport–hinterland net-
works, covering publications from 2008 to 31 March
2025.

Guided by three research questions and a rigorous
methodology, our analysis produced findings in three
areas: (i) Research trends, (ii) Relationships between domi-
nant concepts and themes, and (iii) Evidence of ML support
in seaport–hinterland operations.

Regarding Research trends, we observed wide method-
ological diversity but a predominant focus on con-
tainer terminal operations. While seaport ML applica-
tions attract considerable attention, inland components
of the network remain underexplored. In terms of Rela-
tionships between dominant concepts and themes, research
clusters around four ML categories: (i) hybrid, (ii) rein-
forcement learning, (iii) supervised learning, and (iv)
unsupervised learning. Hybrid approaches, combining
multiple methods, are most common. We also identi-
fied a wide range of operational challenges suited for ML
and evidence of five clusters linking data inputs to these
challenges. Finally, concerning Evidence of ML support
in seaport–hinterland operations, our findings show ML
can enhance decision-making in four areas: (i) seaport
operations, (ii) inland transportation, (iii) dry ports and
depots, and (iv) the port community.

7.1. Theoretical contributions

Our study makes several theoretical contributions.
By presenting an organised academic perspective on
research trends and the relationships among key concepts
and themes, the study establishes a foundation for future
inquiry. Serving as a primer for research on ML applica-
tions in seaport–hinterland operations, it complements
earlier studies on ML in freight transportation and sea-
port logistics (e.g. Barua, Zou, and Zhou 2020; Filom,
Amiri, and Razavi 2022; Vlachos and Reddy 2025). A
feature of this study is its organisation: by framing dis-
cussions of trends and opportunities around the opera-
tional stages of the seaport–hinterland network, we pro-
vide stage-specific decision insights. We anticipate that
this contribution will inspire further research advancing
both operational and strategic applications of ML within
this complex logistics domain. In sum, theoretically, the
study provides a structured overview of existing research
on ML applications in seaport–hinterland operations,
mapping dominant concepts and trends while offering
methodological guidance.

7.2. Practical contributions

Our synthesis and assessment of academic evidence
offer several contributions of practical relevance. First,
our review confirms that ML models can significantly
enhance seaport–hinterland operations. By demonstrat-
ing tangible day-to-day benefits, this study helps prac-
titioners overcome resistance to adoption, providing
deeper insights into container shipping and strengthen-
ing operational decision-making. Second, advances in
high-performance computing have accelerated ML inte-
gration across operational domains, particularly within
container shipping and the seaport–hinterland inter-
face. Our findings highlight ML’s value in improving
resilience and efficiency. Third, practitioners should note
that ML is not one-size-fits-all; effective use requires
attention to organisational constraints such as indus-
try fragmentation, resistance to change, and operational
realities. As seaport–hinterland configurations vary, ML
models must be calibrated to reflect this heterogene-
ity, limiting transferability between contexts. Fourth, our
research informs policy formulation, especially regu-
latory reforms addressing fragmented legal structures.
Clear standards, policies, and legislation are essential
to support ML adoption. Data issues are critical: ML
depends on high-quality, often sensitive operational
data. Policies ensuring secure, governed, and privacy-
conscious access are vital for ML to serve as an effec-
tive decision-support tool. Finally, by mapping the cur-
rent state of knowledge, our study identifies where ML
holds the greatest promise and where strategic inter-
ventions may yield the most impact, laying a founda-
tion for tailored ML-based decision-support tools in sea-
port–hinterland operations.

7.3. Limitations and future studies

This research has several limitations that suggest oppor-
tunities for future studies. First, relying solely on SCO-
PUS and Web of Science and excluding grey literature
(e.g. conference papers, textbooks, working papers) may
have omitted relevant publications, potentially affect-
ing the robustness of our findings. Subsequent articles
published after 31 March 2025 may provide additional
insights, especially given rapid ML advancements. Future
research could expand database coverage and include
grey literature for a more comprehensive understanding
of ML in seaport–hinterland operations.

Second, despite efforts to ensure objectivity, applying
inclusion and exclusion criteria involved some subjectiv-
ity. Future studies should engage multiple independent
reviewers and report inter-rater reliability. Third, as most
included studies were published in the last five years,
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temporal bias may influence trend interpretations. Longi-
tudinal bibliometric studies could help distinguish tran-
sient from enduring themes, while examining ML tech-
nique evolution or linking findings to industry practice
could clarify long-term relevance.

Our findings also highlight the need for further
research on leveraging ML to enhance decision-making
within PCS, particularly via integrated views of the
seaport–hinterland network. Qualitative methods like
SODA, VFT, and DT can be used prior to ML algo-
rithms to structure complex problems and clarify priori-
ties. Future studies could also explore integrating ML pre-
dictions into decision support systems with MCDM tools
(e.g. ELECTRE, PROMETHEE, AHP, TOPSIS). Extend-
ing ML methods to broader practical and strategic prob-
lems will deepen understanding and improve real-world
decision-making.
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APPENDIX 1: Data inputs for each addressed challenge

Addressed
challenge

Number of
articles Data input References

Container
throughput
prediction.

6 Container throughput (3); Temporal data (hour, weekday, month)
(2); Average per capita gross domestic product (1); Berth
productivity (1); Cargo value (1); Cargo weight (1); Container
dwell-time (1); Container number (1); Container terminal
capacity (1); Country GDP (1); Custom declaration time (1);
Customs (1); Economic growth rate (1); Exchange rate (1); Export
trade (1); Gate in/out throughput (1); Import trade (1); Industrial
production index (1); Planned loading/unloading containers on
the assigned vessel (1); Quantity of domestic containers (1);
Quantity of foreign containers (1); Quay crane productivity (1);
Region (1); Seaport of shipment (1); Seaport-to-seaport
container flow (1); Time before vessel’s ETA (1); Trade type
(domestic or international) (1); Vessel traffic (1); Vessel
turnaround time (1); Vessel’s Estimated time of arrival (ETA) (1);
Volume of empty containers (1); Volume of in-transit containers
(1); Weather data (1).

Cuong et al. (2023); Cuong et al. (2022);
Durán et al. (2024); Ferretti et al.
(2022); Jin et al. (2023); Tsai and
Huang (2017).

Equipment
schedule.

5 Number of quay cranes (4);Number of yard cranes (4); Number of
internal trucks (3); Truck volume (3); Number of tasks (2); Quay
crane cycle time (2); Task location (2); Yard crane cycle time (2);
Arrival time of each task assigned to a yard crane (1); Container
throughput (1); Duration of each operation on each equipment
(1); Estimated preparation time for each task (1); Estimated
processing time for each task (1); Internal truck length (1);
Number of AGVs (1); Number of vehicles currently in the waiting
queue (1); Number of vessels in berth (1); Remaining time for
each yard crane to complete its task (1); Safety distance between
internal trucks (1); Starting time of an operation on some
equipment (1); State space (job, machine, operation) (1); Target
handling location of each yard crane (1); Task distribution (1);
Travelling speed (1); Yard bay index distribution (1); Yard bay
length (1); Yard crane capacity (1); Yard crane location (1); Yard
crane working status (idle/working) (1); Yard transport area
dimensions (1).

Cuong et al. (2025); Liu et al. (2024);
Tang et al. (2025); Zhang et al. (2025);
Zeng, Yang, and Hu (2011)

AGVs schedule. 4 Number of tasks (4); Number of AGVs (3); AGV waiting time (2);
AGVs position (2); AGVs task locations (2); Travel distance (2);
Travelling speed (2); Yard layout (2); AGV acceleration (1); AGV
arrival time (1); AGV standard size (length, width, height) (1);
Battery capacity (1); Charging stations (1); Equipment
configuration (1); Number of quay cranes (1); Number of yard
cranes (1); Quay crane cycle time (1); Rated power (1); Rated
voltage (1); The working/idle status of the AGVs (1); Traffic
distribution (1); Travel time (1); Vehicle capacity (1).

Che, Wang, and Zhou (2024); Gao,
Chen, and Chang (2023); Gong et al.
(2024); Zheng et al. (2022).

Vessel dwell-time
prediction.

4 Vessel turnaround time (3); Ship length (2); Berth draft (1); Berth
length (1); Quay crane cycle time (1); Ship age (1); Ship capacity
(1); Ship draft (1); Ship gross tonnage (1); Ship width (1); Vessel
waiting time (1); Quay crane cycle time (1); Vessel traffic (1);
Waiting time of other seaports (1).

Dinh et al. (2024); Li and He (2021a);
Peng et al. (2023); Yoon et al. (2023).

Inland
transportation
plan.

3 Barge capacity (2); Arrival time to the origin seaport (1); Barge fleet
(1); CO2 Emission (1); Container throughput (1); Container
weight (1); Customer distances (1); Customer location (1);
Delivery due date (1); Destination seaport (1); Inland travel
duration (1); Inland truck trip schedule (1); Inland vehicle
capacity (1); Origin seaport (1); Pickup and delivery demands (1);
Set of seaports (1); Train capacity (1); Transportation cost (1).

Li, Wang et al. (2023); Temizceri and
Kara (2024); Tomljenovic,
Merzifonluoglu, and Spigler (2024).

Truck dispatch. 3 Truck congestion (2); Clipping rate (1); Constraints (1); Container
location and allocation (1); End time of truck loading operations
(1); End time of unloading operations (1); Equipment number
(1); Intersection status (1); Number of episodes per iteration (1);
Number of iterations (1); Number of updates per iteration (1);
Quay crane cycle time (1); Quay crane productivity (1); Quay
crane working and waiting time (1); Quay crane working status
(idle/working) (1); Remaining number of tasks (1); Road network
(1); Start time of truck loading operations (1); Start time of
unloading operations (1); Steps per episode (1); Task queues (1);
Task sequence (1); Travelling speed (1); Truck’s passing time (1);
Trucks requiring task assignment (1); Yard (berth) area size (1);
Yard crane scheduling (1); Yard crane working status
(idle/working) (1).

Chen, Bai et al. (2024); Chen, Qu et al.
(2024); Jin et al. (2024).
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Accident
prediction.

2 Weather data (2); Container throughput (1); Number of internal
trucks (1); Number of quay cranes (1); Number of vessels in berth
(1); Number of yard cranes (1); Quay crane cycle time (1); Truck
volume (1); Vessel capacity (1).

Kim et al. (2021); Atak and Arslanoğlu
(2022).

AGVs path
planning.

2 AGVs position (2); Number of AGVs (2); Distance to obstacles (1);
Number of container storage points (1); Number of nodes (1);
Number of quay cranes (1); Number of tasks (1); Task distribution
(1); Travel distance (1); Travel time (1); Yard layout (1).

Chen, Liu et al. (2024).

Arrival time
prediction.

2 Temporal data (hour, weekday, month) (2); Weather data (2);
Actual departure date (1); Actual train (1); Booking number (1);
Cargo destination (1); Cargo type (1); Container arrival frequency
(1); Container departure frequency (1); Container number (1);
Container weight (1); Customs (1); Dangerous goods (1); Inland
arrival date (1); Inland operator (1); Liner routes (1); Number of
containers (yard) (1); Number of TEU (yard) (1); Number of trains
(1); Planned departure date (1); Planned train (1); Time to next
train (1); Train length (1); Truck volume (1); Vessel arrival time (1);
Yard cut-off time (1).

Balster, Hansen, and Friedrich (2020);
Li et al. (2024).

Speed control. 2 Travel distance (2); AGV acceleration (1); AGV energy consumption
(1); AGV route (1); Loading sequence (1); Task priority (1); The
working/idle status of the AGVs (1); Travelling speed (1).

Drungilas et al. (2023); Zhang et al.
(2024).

Truck volume
prediction.

2 Count of loaded containers (2); Truck volume (2); Count of
discharged containers (1); Temporal data (hour, weekday,
month) (1); Weather data (1).

Li, Sheng et al. (2023); Xie and Huynh
(2010).
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