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 A B S T R A C T

Quay cranes (QCs) play a vital role in ship-to-shore operations, enabling the seamless transfer 
of cargo between sea and land. However, increasing trade volumes require faster and more cost-
effective container handling, exerting significant pressure on QCs and leading to greater wear 
on critical components such as wires, hoists, and rope clamps. While operations research has 
explored maintenance scheduling to improve terminal performance, comparatively little work 
has examined how machine learning can exploit the growing volume of QC monitoring and 
operational data to predict breakdowns before they occur. This study contributes to this area 
by integrating terminal operations data, QC monitoring logs, and meteorological observations 
into a unified analytical framework. We employ explainable artificial intelligence (XAI), using 
both global and local SHapley Additive exPlanations (SHAP) to identify the operational and 
environmental factors most strongly associated with QC failures and to illustrate concrete, 
instance-level examples of how specific conditions contribute towards breakdowns. In parallel, 
we develop a robust machine learning pipeline built around nested cross-validation to assess 
the predictive capability of multiple classifiers for forecasting QC breakdowns. Our XAI analysis 
reveals that breakdown risk is closely linked to QC working time, the distribution of moves 
across simultaneously operating QCs, hoist overload and trolley alignment warnings, and 
adverse weather conditions. Among the evaluated models, LightGBM achieved the highest 
predictive accuracy, reaching up to 83% in identifying breakdown-prone scenarios. These 
findings demonstrate the feasibility and value of data-driven predictive maintenance for QCs, 
providing insights that support safer, more reliable, and more efficient terminal operations.

. Introduction

Global container throughput is increasing rapidly. It is projected to reach 978 million twenty-foot equivalent units (TEUs) in 
025, which is a 28.85% increase compared to 759 million TEUs in 2020 and a 334.67% increase compared to 225 million TEUs in 
000 (Kim, 2024). Container port terminals are thus often referred to as co-drivers of globalization (Nikolaou and Dimitriou, 2021).
In this context, quay cranes (QCs), which transfer containers between vessels and terminal trucks, are essential for the seamless 

ntegration of marine and landside port terminal operations (Dragović et al., 2025; Kim, 2024). These cranes play a key role in 
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Fig. 1. Schematic overview of a container terminal (CT), adapted from Klar et al. (2024a), in conjunction with six port performance 
indicators (Notteboom et al., 2021).

the intricate chain of port operations by enabling ship-to-shore and shore-to-ship operations, thereby facilitating the loading and 
unloading of containers to and from container ships (CS) (Notteboom et al., 2021).

The steady growth of maritime transport, coupled with increasing trade volumes and ship sizes, requires the efficient and ideally 
uninterrupted operation of port facilities and equipment (Kizilay and Eliiyi, 2021). In addition, ports are under increasing pressure 
to improve their profitability, environmental friendliness, energy performance, and operational efficiency due to growing global 
sustainability efforts (Klar et al., 2023). This is particularly true for QCs since a significant number of handling operations are 
required for ship-to-shore operations (Liu and Ge, 2018).

As a result, port managers are striving to complete vessel operations as swiftly as possible to increase resource utilization, increase 
vessel turnover, reduce vessel waiting times, and improve customer satisfaction (Merkel et al., 2022; Cahyono et al., 2022) — all 
of which are critical for competitiveness in the maritime industry (Abou Kasm and Diabat, 2020).

However, this drive for efficiency leads to increased wear and tear on port equipment (Notteboom et al., 2021). Among all 
equipment, QCs are the most error-prone, as they bridge maritime and landside operations and are directly impacted by container 
throughput, often becoming the bottleneck in terminal operations (Carlo et al., 2015). Their vulnerability stems from the complexity 
of tasks, high workload, limited availability due to high investment and maintenance costs, and safety concerns, especially when 
multiple QCs operate in parallel (Klar et al., 2023). Consequently, preventive maintenance activities such as component replacement, 
equipment checks, cleaning, and lubrication must be performed quarterly, monthly, or even weekly (Li et al., 2019).

Fig.  1 presents a schematic of a container terminal (CT), illustrating three types of handling equipment: QCs, which transfer 
containers between a CS and internal trucks; yard cranes (YCs), which transfer containers between internal or external trucks 
and storage block in the container yard (CY); and internal trucks, which deliver containers between QCs and YCs. The figure also 
highlights six key terminal performance indicators (KPIs), with QC performance (P3 in Fig.  1) recognized as a critical KPI in port 
operations.

This metric is frequently identified as a bottleneck due to limitations in average QC movements per hour and is directly affected 
by QC downtime. It is especially crucial for maritime shipping companies, as it directly influences vessel service time at the 
port (Notteboom et al., 2021). Furthermore, port operations are highly interconnected (Klar et al., 2024a), meaning QC downtime 
disrupts both ship-to-shore and shore-to-ship operations, affecting marine and landside activities alike.

In response, recent research has treated QC maintenance (and scheduling) jointly with various other port operations using 
multi-objective optimization approaches. These include (1) integrated scheduling of various handling equipment in automated 
CTs, including QCs, YCs, and automated guided vehicles (AGVs), while accounting for QC failures (Li et al., 2024), (2) a bi-
objective optimization model of integrated berth allocation and QC assignment (Xu et al., 2025) with preventive QC maintenance 
activities (Li et al., 2022), and (3) solving an integrated berth allocation, QC assignment, and truck deployment problem considering 
QC maintenance (Wang et al., 2024).

Building on the classification from Li et al. (2019), current research addresses QC disruptions from three main perspectives: the 
specific types of QC faults, the underlying causes of these faults, and the rescheduling of QC tasks following fault occurrences. While 
most existing literature emphasizes the scheduling aspect, there is limited research leveraging machine learning (ML) to understand 
and predict fault causes.

Existing ML-based studies on QC breakdown prediction are typically focused on specific components, such as the electric control 
system (Gothandapani et al., 2024; Putra et al., 2024) and the hoist system (Jalal et al., 2023; Mukherjee et al., 2024), and often lack 
integration with terminal operations or weather data. The need for more comprehensive ML-driven research into QC downtime is 
also highlighted by Filom et al. (2022) and Gothandapani et al. (2024), who emphasize the importance of applying ML in port asset 
management, particularly for QCs. Specifically, the need for data-driven retrofit prediction models to support timely and effective 
maintenance interventions is highlighted (Gothandapani et al., 2024).
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In response to these gaps, this study proposes a predictive framework that leverages the growing volume of data generated by 
modern QCs, which have evolved from primarily mechanical systems into highly computerized, sensor-rich assets (Tao et al., 2024). 
Using supervised ML techniques and QC monitoring data from a medium-sized Swedish port, the framework integrates not only QC 
sensor data but also historical terminal operations and weather data to predict the causes of QC downtime.

The core intention of this work is to enable early identification of potential QC breakdowns through ML classifiers, thereby 
supporting a shift from reactive to preventive maintenance strategies. To ensure relevance and precision, the analysis focuses 
exclusively on QCs operating at the critical ship-to-shore link, rather than on broader CT operations. This targeted approach allows 
us to underline the 15 most QC-relevant features (see Fig.  4), which are directly tied to the operational and environmental conditions 
affecting QC performance.

The paper is organized as follows. Section 2 provides the necessary background on predictive maintenance in the context of 
Industry 4.0 (2.1) and terminal operations (2.2), identifies research gaps in QC maintenance (2.3), and introduces explainable 
artificial intelligence (2.4) before outlining the contributions of this study (2.5). Section 3 outlines the methodology, including data 
collection and feature engineering (3.1), feature contribution assessment (3.2), the ML classifiers used (3.3), and the implementation 
of the ML pipeline using nested cross-validation (3.4). The results are presented in two parts: Section 4 explores global feature 
importance and instance-level examples of how individual conditions contribute to breakdowns, while Section 5 evaluates the 
performance of the selected classifiers. Section 6 discusses the findings and their potential policy implications. Finally, Section 7 
summarizes the key insights and outlines directions for future research.

2. Identified research gaps and contributions of this study

This section begins by highlighting the importance of predictive maintenance within the context of Industry 4.0 (2.1), with a 
particular focus on terminal operations (2.2). It then reviews related work on QC breakdown prediction and maintenance (2.3), 
followed by an overview of explainable artificial intelligence in predictive maintenance (2.4). These subsections collectively chart 
the area identifying clear research gaps and support the contribution of this study (2.5).

2.1. Predicting downtime in industry 4.0

The emergence of Industry 4.0 has significantly transformed manufacturing operations by integrating advanced technologies such 
as big data analytics, ML and artificial intelligence (AI), Internet of Things (IoT), and cloud computing into production processes, 
thereby enabling more efficient and resilient industrial systems. A crucial aspect of this transformation is the accurate prediction 
of machinery failure or downtime, which remains one of the primary sources of revenue loss and operational disruption in modern 
manufacturing environments (Vuttipittayamongkol and Arreeras, 2022). These environments are rich in diverse data sources, such 
as industrial IoT sensors on the machinery and infrastructure, open-source datasets, and historical operational data. These have 
come with a promise of significantly improvement in anticipating and timely responding to machine failures.

This promise is underpinned on effectively fusing these heterogeneous data streams, to derive comprehensive and accurate 
predictive insights, enhancing model robustness and reliability (Huang et al., 2020).

The integration of ML-based fault prediction not only improves operational foresight and reduces maintenance costs, enabling 
predictive maintenance, but also supports strategic planning and decision-making processes, reinforcing the resilience and adapt-
ability of manufacturing systems in the face of dynamic market conditions (Kashpruk et al., 2023). In this context, latency-aware 
resource allocation in edge computing environments becomes increasingly relevant, particularly in industrial and port settings where 
low-latency predictive maintenance is critical (Ahmadvand and Foroutan, 2025).

2.2. Predicting operations’ disruptions in port terminals

Port operations, although critical in global supply chains, remain vulnerable to equipment failures and operational disruptions 
that can cascade into accidents, significant delays, and financial losses. Predicting such disruptions, particularly those involving 
terminal equipment like QCs, straddle carriers, and AGVs, is essential for improving safety, resilience, minimizing maintenance costs, 
and ensuring throughput efficiency (Knatz et al., 2022). Disruptions in this context can be caused by mechanical wear and tear, 
software or control system failures, environmental conditions (e.g., wind, salt corrosion), operator errors, or inadequate maintenance 
schedules (Lam and Su, 2015). The challenge becomes even more complex in the era of Industry 4.0, where many ports operate 
with semi-automated control systems integrating physical machinery with digital infrastructure, such as IoT sensors, predictive 
analytics, and machine-to-machine communication (Klar et al., 2023). While these technologies offer opportunities for real-time 
monitoring and proactive maintenance, they also introduce new vulnerabilities and call for sophisticated predictive models (Jbair 
et al., 2022). As ports evolve into cyber–physical systems (CPS), robust analytical and forecasting approaches are essential to ensure 
system reliability and operational continuity.
3 
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Table 1
Comparison of relevant papers on predicting and preventing QC downtime and their contributions.
 Reference Objectives Applied methodology Conclusions  
 Gothandapani 
et al. (2024)

Analyze the performance degradation of a 
number of QCs and assess the potential of 
retrofitting.

Prospective longitudinal panel study over 
16 years to analyze performance of five 
QCs using KPIs.

Electrical control system is identified as 
the primary source of performance 
degradation.

 

 Putra et al. 
(2024)

Early failure detection of QCs using 
IoT-based measurement data.

Failure mode and effects analysis based 
on IoT-based temperature and vibration 
data from the hoist motor.

Most failures occurred in the electrical 
power supply system and the hoisting 
system.

 

 Crespo 
Del Castillo 
et al. (2024)

Development of a data-driven asset health 
index methodology for evaluating QC 
condition.

The proposed asset health index 
methodology consists of six steps 
incorporating dynamic operational data.

Degeneration of QCs is influenced by 
operational, environmental, mechanical, 
electrical, and managerial factors.

 

 Awasthi et al. 
(2024)

Develop a deep learning model for 
detecting and predicting errors in QC 
operations.

Long short-term memory model using 
synthetic minority oversampling for binary 
classification.

Proposed model is accurate and precise in 
detecting errors, but recall is limited (data 
spans one month).

 

 Jalal et al. 
(2023)

Estimate the reliability, availability, and 
maintainability of QCs in CTs using data 
from 53 QCs over one year.

Component analysis including criticality 
ranking, Stochastic petri net modeling, 
and Monte Carlo simulation.

The mean operational availability of QCs 
was found to be 97%, with main host 
identified as the most critical component.

 

 Mukherjee 
et al. (2024)

Development of an unsupervised method 
for detecting discordant vibration patterns 
in QC motors using irregular time-series 
data from IoT sensors.

Load-based clustering of the data and 
anomaly (discord) detection using 
one-class support vector machines for 
each cluster.

Their proposed discord detection 
framework effectively flags anomalous 
vibration patterns in QC motors, even 
under irregular and unlabeled conditions.

 

 This study Understanding and predicting QC 
breakdowns using explainable AI, 
integrating terminal operations, QC 
monitoring, and weather data.

SHAP-based feature importance and local 
instance-specific breakdown explanations; 
performance evaluation across multiple 
classifiers using nested cross-validation.

Identifies key operational, control-system, 
and environmental factors; achieves up to 
83% prediction accuracy and F1 scores 
using LightGBM.

 

2.3. Related QC breakdown prediction work and research gaps

As the primary equipment enabling container transfer between sea and land modes of transport, QCs are essential to efficient 
port operations. However, their limited availability and frequent use makes downtime particularly disruptive (Li et al., 2022). This 
has prompted a range of research efforts aimed at understanding, predicting, and mitigating such events.

These efforts can be broadly categorized into four methodological approaches: (1) Data-driven diagnostics, which leverage sensor 
data and operational logs to detect early signs of failure or assess asset health (Putra et al., 2024; Crespo Del Castillo et al., 2024; 
Gothandapani et al., 2024); (2) Reliability modeling and simulation, which use probabilistic and stochastic frameworks to estimate 
downtime and system performance (Jalal et al., 2023); (3) ML-based anomaly detection and error prediction, including supervised 
and unsupervised models for identifying abnormal patterns in sensor data (Awasthi et al., 2024; Mukherjee et al., 2024); and (4) 
Operations research, which integrates proactively scheduled maintenance windows with optimized QC allocation and scheduling 
strategies (Li et al., 2022; Khalilpoor et al., 2025).

Table  1 provides an overview of related work on understanding and predicting QC downtime, as well as its prevention, based on 
the first three methodological approaches: data-driven diagnostics, reliability modeling and simulation, and ML-based prediction. 
These approaches are most relevant to the aim of this study, which is to understand and predict QC downtime using ML.

A recurring theme across these studies is the identification of critical subsystems that contribute disproportionately to downtime. 
Notably, the electrical control system has been identified as a primary source of degradation and failure. For instance, Gothandapani 
et al. (2024) identify it as the primary cause of long-term performance decline, and Putra et al. (2024) report frequent failures 
in the electrical power supply and hoisting mechanisms based on IoT sensor data. Several studies have also identified the hoist 
system, particularly the hoist motor and its associated components, as key causes of downtime. Jalal et al. (2023) rank hoist-related 
components as the most critical based on stochastic modeling, and Mukherjee et al. (2024) demonstrate that discordant vibration 
patterns from the hoist motor are strong indicators of emerging faults.

While these related works have contributed significantly to component-level insights, particularly regarding the hoist motor and 
electrical control systems, there is a lack of studies that systematically exploit all error event messages and warnings captured in the 
QC monitoring system and integrate them with terminal operations data and historical weather data. Gothandapani et al. (2024) 
also highlight this gap, emphasizing the need for a data-driven retrofit prediction model to guide timely interventions and extend 
the QC lifecycle. Furthermore, most studies are limited by data constraints, e.g., a one-month duration in Awasthi et al. (2024) or 
the absence of labeled data (Mukherjee et al., 2024), and do not consider contextual factors such as terminal operations or weather 
conditions. These limitations underscore the need for a more comprehensive and integrated approach towards understanding and 
predicting QC downtime.

2.4. Explainable artificial intelligence for predictive maintenance

Explainable artificial intelligence (XAI) is a key requirement for modern predictive maintenance systems, where model trans-
parency is essential for operational trust, regulatory compliance, and actionable decision support (Dereci and Tuzkaya, 2024). The 
4 
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Table 2
Summary of input and output variables for the QC breakdown prediction problem.
 Category Example variable Unit/Resolution Data source Role  
 
Operational Features 
(𝐷ops)

Operation duration Minutes Terminal operations records
(Yilport Gävle) Input  

 Number of QC moves QC moves per crane & 
vessel

 

 Monitoring Data
(𝐷mon)

Hoist overload warnings Count per operation; event 
duration in minutes

QC monitoring system
(Yilport Gävle) Input  

 Trolley alignment errors Count per operation; event 
duration in minutes

 

 Weather Variables 
(𝐷weather)

Temperature ◦C (15-min interval) Swedish Meteorological
and Hydrological Institute Input  

 Humidity % (15-min interval)  
 Output Variable QC downtime occurrence Binary (1 = downtime, 0 

= normal)
Derived from breakdown 
causing events (see Alg 1)

Output  

need for XAI arises from the black-box nature of many machine learning models, which makes it difficult for humans to understand 
how decisions are made (Abdulrashid et al., 2024). XAI seeks to clarify how AI models produce their outputs, typically through 
post-hoc methods that interpret an already-trained model at either a global or local level (Cummins et al., 2024).

XAI approaches are often categorized into model-agnostic and model-specific techniques, both of which offer pathways to 
enhance user trust while maintaining high-performing predictive maintenance systems (Cummins et al., 2024). Applying XAI on top 
of predictive frameworks reveals deeper insights into how key explanatory variables influence model outputs, thereby supporting 
more informed and practical maintenance decisions (Ghosh and De, 2024).

While XAI has gained momentum in predictive maintenance across various industries (Cummins et al., 2024), its application 
in the maritime sector, particularly container terminals, remains limited. Existing work has primarily focused on understanding 
or predicting import container dwell times (Lee et al., 2024) or forecasting fuel consumption, leaving the potential of XAI for 
equipment-related tasks, such as quay crane breakdown prediction, largely unexplored (Ghosh and De, 2024).

2.5. Contribution of this study

This study addresses the identified research gap by proposing a data-driven prediction model to understand QC breakdowns 
and guide timely interventions to mitigate its impact. Unlike previous studies that focus on individual QC components, this work 
analyzes the entire QC system in its role as the ship-to-shore link, which is critical to terminal operations. Specifically, we leverage 
historical sensor data, terminal operations logs, and weather conditions to understand and predict QC downtime. The absence of 
XAI in QC breakdown prediction represents a clear research gap addressed in this work. The key contributions of this study are:

1. Real-world data integration: We utilize extensive data from a medium-sized Swedish port, combining QC monitoring, 
terminal operations, and weather conditions to support a shift from reactive to preventive maintenance.

2. Model development and evaluation: We propose a supervised ML pipeline that includes data aggregation, feature 
engineering, feature selection, and performance evaluation using nested cross-validation.

3. Interpretability through XAI: We apply XAI methods to identify key factors, such as QC usage intensity, mechanical 
warnings, and adverse weather conditions, contributing to downtime.

4. Actionable insights: Based on the most influential features, we recommend proactive maintenance strategies to enhance the 
resilience and efficiency of port operations.

Beyond these practical contributions, this study advances scientific research on QC reliability and predictive maintenance in 
several ways. First, to the best of our knowledge, this is the first study to integrate QC monitoring logs, terminal operations data, 
and weather observations into a unified predictive framework for QC downtime. Second, it introduces explainable AI (SHAP) to 
this field, addressing a methodological gap in previous studies that typically analyze isolated subsystems or short-duration datasets. 
Lastly, the use of interpretable feature attribution and local explanations provides new insights into the environmental, operational, 
and mechanical factors contributing to QC downtime, thereby advancing the theoretical understanding of downtime occurrence.

3. Methodology

This section presents the methodology employed in this study, which consists of a comprehensive ML pipeline encompassing all 
stages from data aggregation to model evaluation. The pipeline is organized into three main components: (1) data aggregation and 
preprocessing, which integrates operational, monitoring, and weather data, and formulates the prediction problem (3.1); (2) XAI-
based feature contribution assessment using SHAP, which identifies key features driving breakdowns and enhances interpretability 
(3.2); and (3) model training and performance evaluation using multiple classifiers 3.3 with nested cross-validation to ensure robust 
and unbiased performance estimates (3.4, 3.5, 3.6). Fig.  2 provides an overview of the full pipeline.
5 
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Fig. 2. Overview of the methodological framework combining XAI-based interpretability and predictive ML evaluation.

3.1. Data aggregation and feature construction

The data used in this study comprises three distinct sources: two proprietary datasets from Yilport Gävle, the terminal operator 
of the port of Gävle, and one open dataset. An overview of these datasets, including example variables, units, data sources, and role 
within the prediction model, is provided in Table  2.

The first, 𝐷ops, contains terminal operations data for each vessel call, including start and end times for berthing and QC usage. It 
also includes QC usage in terms of time and container handling across three QCs. This allows for an assessment of each individual 
crane, as well as a correlation to the other QCs if they are working in parallel.

The second, 𝐷mon, is a log of error events and warnings captured by the QC monitoring system, detailing the type, duration, 
and location of each event. While not all recorded events result in operational disruptions, this study investigates whether they can 
serve as indicators of QC downtime.

The third dataset, 𝐷weather, provides historical weather data, such as temperature, humidity, rainfall, and wind speed, obtained 
from the Swedish Meteorological and Hydrological Institute (SMHI) (Swedish Meteorological and Hydrological Institute (SMHI), 
2025).

All data used in this study was collected over the full calendar years of 2023 and 2024, during which 347 vessel calls occurred. 
Depending on vessel size and cargo volume, each vessel call could involve up to three QCs operating in parallel, resulting in varying 
levels of work intensity. For each call, it is known whether the QCs operated without interruption or experienced a breakdown, 
based on the set of breakdown-causing events specified (𝐸crit). This enables post-hoc identification of contributing operational or 
environmental factors and forms the basis of the binary classification problem investigated in this study.

To merge data streams with differing timestamps, the terminal operation window (defined by the start and end times of each 
vessel call) serves as the common temporal reference. Within this window, QC monitoring events are filtered by crane ID and 
timestamp, then summarized by count and duration. Weather observations from SMHI’s 15-minute records are aggregated into 
mean, minimum, and maximum values. These monitoring and meteorological features are combined with operational metrics, such 
as QC moves, utilization, and loading/discharging time.

The objective of this study is to identify which operational characteristics, error events, and weather conditions contribute to 
disruptions. To achieve this, we develop a predictive model that integrates these three complementary datasets.

Each resulting observation 𝑖 corresponds to a single QC during a vessel call and is represented by a feature vector 𝑥𝑖 ∈ R𝑝, which 
can be decomposed as

𝑥𝑖 =
[

𝑥ops𝑖 , 𝑥mon𝑖 , 𝑥weather𝑖
]

,

where the components refer to operational, monitoring, and environmental variables as exemplified in Table  2. Collectively, the 
dataset is defined as a feature matrix 𝑋 ∈ R𝑛×𝑝, where 𝑛 denotes the number of crane-vessel observations and 𝑝 the number of 
features.

Each observation is associated with a binary target variable 𝑦𝑖 ∈ {0, 1}, where

𝑦𝑖 =

{

1, if a breakdown occurred during the operation window,
0, otherwise.

The predictive task is to learn a function that maps each feature vector to the probability of a breakdown: 
𝑦̂𝑖 = 𝑓 (𝑥𝑖) ≈ P(𝑦𝑖 = 1 ∣ 𝑥𝑖), 𝑓 ∶ R𝑝 → [0, 1]. (1)

It should be noted that both features and target are constructed over the same operational time window. Consequently, the 
proposed model is not intended to predict breakdowns in advance at a specific time point, but rather, to characterize and identify 
6 
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conditions associated with breakdown occurrence at the level of the vessel call. While the framework is not strictly forward-looking, 
it remains essential for quantifying how well breakdown occurrences can be explained by observed operational, monitoring, and 
environmental factors. The use of nested cross-validation ensures that these relationships generalize beyond the training data, 
providing robust and unbiased estimates of predictive performance.

The full data aggregation and feature construction procedure is outlined in Algorithm 1. All features are derived exclusively 
from data within each vessel’s operational window, ensuring that the aggregated features accurately represent the operational 
conditions within the time window associated with the breakdown outcome. Only events occurring within this window are included 
in the aggregated feature vector. On average, two QCs are involved in each vessel call, resulting in a dataset of 735 QC-specific 
observations, of which 230 correspond to breakdown cases. Since each vessel call may be represented multiple times, once for each 
assigned QC, this structure enables crane-specific analyses and interventions while capturing interactions among QCs operating 
simultaneously.

Algorithm 1 Crane-Level Data Aggregation and Feature Engineering for QC Breakdown Prediction
1: Input: Vessel-level terminal operations dataset (𝐷ops), QC monitoring event logs (𝐷mon), Quarter-hourly weather observations (𝐷weather), Set 
of downtime causing event types (𝐸crit), such as emergency brakes

2: Output: Crane-level dataset with temporally aligned operational, event-based, and weather features, and breakdown labels
3: Step 1: Transform Vessel-Level to Crane-Level Records
4: for each vessel call in 𝐷ops do
5:  for each QC assigned to the vessel do
6:  Create one crane-level record
7:  Compute crane-specific workload metrics (working hours, crane performance, utilization share)
8:  end for
9: end for
10: Step 2: Temporal Alignment of Monitoring Events
11: for each crane-level record with time window [𝑡𝑠𝑡𝑎𝑟𝑡, 𝑡𝑒𝑛𝑑 ] do
12:  Filter 𝐷mon by crane identifier and 𝑡 ∈ [𝑡𝑠𝑡𝑎𝑟𝑡, 𝑡𝑒𝑛𝑑 ]
13:  Compute event-type counts for all observed event types
14:  Compute aggregated monitoring features:
15:   total number of events, number of unique event types
16: end for
17: Step 3: Derivation of Breakdown Targets
18: Define breakdown label:
19: 𝑦 = 1 if any event in 𝐸crit occurs within [𝑡𝑠𝑡𝑎𝑟𝑡, 𝑡𝑒𝑛𝑑 ], else 0
20: Step 4: Weather Feature Aggregation
21: for each crane-level record with time window [𝑡𝑠𝑡𝑎𝑟𝑡, 𝑡𝑒𝑛𝑑 ] do
22:  Filter 𝐷weather to observations within [𝑡𝑠𝑡𝑎𝑟𝑡, 𝑡𝑒𝑛𝑑 ]
23:  Compute summary statistics (mean, max) for:
24:   temperature, humidity, rainfall, wind speed
25: end for
26: Step 5: Feature Consolidation
27: Concatenate operational features, monitoring features, and weather features into a single feature vector per crane-level record
28: Step 6: Leakage-Aware Feature Filtering (for ML)
29: Remove descriptive identifiers (vessel name, timestamps, crane ID)
30: Remove all features from 𝐸crit used to derive target 𝑦 to avoid data leakage
31: Step 7: Final Dataset Construction
32: Assemble all crane-level records into a structured dataset
33: Return: ML-ready dataset with features 𝑋 and target 𝑦

3.2. XAI-based feature contribution pipeline for understanding QC breakdowns

The goal of this pipeline is to identify which features are most insightful for understanding the occurrence of QC breakdowns 
during vessel handling, specifically during loading and unloading operations. To achieve this, we employ SHapley Additive 
exPlanations (SHAP) (Lundberg and Lee, 2017), a game-theoretic approach that explains model outputs by assigning an importance 
value to each feature for a given prediction.

To enhance interpretability and capture nonlinear relationships, we use tree-based ensemble models, in particular LightGBM (Ke 
et al., 2017), which also achieves the highest predictive performance in our evaluation (see Table  4). Tree-based models are 
particularly well suited for SHAP-based analysis due to the availability of efficient exact algorithms (TreeSHAP) (Lundberg et al., 
2020), enabling consistent and computationally efficient attribution of feature contributions.

This SHAP-based framework allows us to analyze how input features influence model predictions at both the global and local 
levels. Global feature importance is assessed by aggregating SHAP values across all observations, while local explanations provide 
instance-level insights into how specific operational or environmental conditions contribute to predicted breakdowns.
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To formalize the computation of feature contributions, SHAP decomposes the prediction for each observation 𝑖 as: 

𝑦̂𝑖 = 𝑓 (𝑥𝑖) = 𝜙0 +
𝑝
∑

𝑗=1
𝜙(𝑖)
𝑗 , (2)

where 𝜙0 denotes the baseline prediction (the expected model output across all observations) and 𝜙(𝑖)
𝑗  represents the contribution 

of feature 𝑗 to the prediction for instance 𝑖 (Lundberg and Lee, 2017).
Global feature importance is quantified as the average absolute SHAP value across all observations: 

Importance𝑗 =
1
𝑛

𝑛
∑

𝑖=1

|

|

|

𝜙(𝑖)
𝑗
|

|

|

, (3)

providing a ranking of features according to their overall influence on model predictions.
To complement the SHAP analysis, we present boxplots of the most relevant features identified, stratified by breakdown 

occurrence. These visualizations provide an intuitive understanding of how feature distributions differ between classes and support 
the interpretation of the model-derived feature importance. To further quantify whether the observed differences are statistically 
significant, we apply the Mann–Whitney U test (Chicco et al., 2025), a non-parametric test that evaluates whether values from one 
group tend to be systematically higher or lower than those from another by comparing their ranks. This approach is well suited for 
small samples and non-normal distributions. Effect sizes are reported using rank-biserial correlations, and 95% confidence intervals 
are estimated via bootstrap resampling of the median difference. The complete pseudocode outlining the feature extraction and 
decision-making process of the LightGBM classifier is provided in Algorithm 2.

Algorithm 2 Feature Importance Analysis for QC Breakdowns using LightGBM and SHAP
1: Input: CSV dataset containing breakdown labels (binary), operational variables, QC monitoring events, and weather features.
2: Load and Prepare Data:
3:  Read dataset as DataFrame (see Alg 1)
4:  Define target: 𝑦 ← breakdown column
5:  Define feature matrix: 𝑋 ← dataset excluding target and non-informative columns
6: Low Variance Filter:
7:  Remove features with variance below threshold (e.g., < 0.01)
8: Model Training:
9:  Train class-balanced LightGBM classifier on feature matrix 𝑋
10: SHAP-Based Explainability Analysis:
11:  Compute SHAP values using TreeExplainer (see Lundberg et al. (2020))
12:  Compute global feature importance using mean absolute SHAP values
13:  Generate SHAP summary bar plot (global importance ranking)
14:  Generate SHAP beeswarm plot (feature impact and direction)
15: Local Explanation:
16:  Select representative breakdown and non-breakdown examples
17:  Generate SHAP waterfall plots explaining individual predictions
18: Feature Distribution Analysis:
19:  Select top features based on SHAP importance ranking
20:  Generate boxplots comparing breakdown vs. non-breakdown distributions
21: Output:
22:  Ranked list of important features
23:  Global and local SHAP explanation plots
24:  Feature distribution visualizations supporting interpretability

3.3. Overview of applied machine learning classifiers

The classifiers used, tuned, and compared in our nested, cross-validation-based performance evaluation are presented below.

1. Logistic Regression: A linear classification model that estimates probabilities using a sigmoid function (Sarker, 2021).
2. Gaussian Naive Bayes (GaussianNB): A probabilistic classifier based on Bayes’ theorem, assuming features follow a normal 
distribution (Sarker, 2021).

3. Neural Networks: The Multilayer Perceptron is a feedforward neural network that learns non-linear relationships through 
layered processing and weight optimization (Sarker, 2021).

4. Support Vector Machine (SVM): Constructs optimal hyperplanes to separate data classes and can be extended to non-linear 
problems using kernel functions (Sarker, 2021).

5. Decision Tree: A versatile, non-parametric supervised learning method used for classification and regression by sorting 
instances from a root node to leaf nodes based on specific attribute tests (Sarker, 2021).

6. Random Forest: An ensemble method that builds multiple decision trees in parallel and aggregates their outputs to improve 
accuracy and reduce overfitting (Sarker, 2021).
8 
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Fig. 3. Overview of nested cross validation.

7. Gradient Boosting Machine (GBM): Builds decision trees sequentially, with each tree trained to correct the residual errors 
of the previous ensemble (Natekin and Knoll, 2013).

8. LightGBM: A highly efficient implementation of GBM, optimized for scalability and performance in high-dimensional and 
large-scale datasets (Ke et al., 2017). While traditional implementations can be computationally expensive due to evaluating 
splits across many samples and features, LightGBM introduces techniques to mitigate these costs. Gradient-based one-side 
sampling retains instances with large gradients (more informative) while randomly sampling from those with small gradients, 
reweighting them to preserve an unbiased estimation of information gain. Exclusive feature bundling exploits feature sparsity 
by combining mutually exclusive features into compact bundles, thereby reducing effective dimensionality with minimal 
information loss. In combination with histogram-based splitting and a leaf-wise tree growth strategy, these design choices 
substantially improve computational efficiency and make LightGBM particularly well-suited for high-dimensional, sparse 
datasets.

These models were selected to align with the tabular nature of the input data, which lacks strong sequential patterns, and to 
balance model complexity given the limited sample size and high feature dimensionality. Tree-based machine learning models are 
used in many domains where interpretability is important (Lundberg et al., 2020).

In addition to the individual models, ensemble methods were employed to combine the predictive capabilities of the top-
performing classifiers within the nested cross-validation framework. Specifically, both soft voting and stacking approaches were 
applied. Soft voting aggregates predicted class probabilities across base learners, while stacking combines their outputs using a 
meta-learner (Shaikh et al., 2024). The ensemble models were constructed using the best-performing classifiers identified in the outer 
cross-validation folds. These strategies aim to mitigate the limitations of individual models, reduce model variance, and improve 
predictive robustness and generalization performance, which is particularly important given the relatively small sample size of the 
dataset.

3.4. Performance evaluation using nested cross-validation

Following the comprehensive ML evaluation guidelines by Lones (2024) and Kapoor et al. (2024), which highlight the 
unreliability of single model evaluations, we adopt cross-validation for more robust performance assessment. This method repeatedly 
splits the data into folds, allowing models to be trained and tested on different subsets. We use 5 outer folds with stratified k-fold 
cross-validation to preserve class distribution and reduce bias.

To incorporate hyperparameter tuning, we follow the same authors’ recommendations and apply nested cross-validation (Yates 
et al., 2023). Within each outer fold, the training data is further partitioned into 5 inner folds, where each fold is iteratively used 
for validation while the remaining folds are used for training. This ensures a strict separation between hyperparameter tuning and 
final model evaluation, thereby preventing overfitting. The procedure is illustrated in Fig.  3. Feature preprocessing and selection 
were performed exclusively within the training data of each inner fold, ensuring that no information from validation or test folds 
influenced model training. Formally, for each training fold (𝑘) , a feature selection operator (⋅) was applied to obtain a subset 
train
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of features  (𝑘) = ((𝑘)
train). Feature selection was implemented using an embedded Lasso-based approach, where 𝓁1-regularization 

shrinks less informative feature coefficients toward zero (Fonti and Belitser, 2017). The model was then trained using only  (𝑘), 
and the same feature transformation was applied to the corresponding validation and test folds. This ensures that feature selection 
is fully nested within the training process and does not incorporate information from held-out data.

Nested cross-validation is particularly valuable in our context, as it addresses a key limitation of the study: the restricted sample 
size (735 observations). By ensuring that each observation is used for both training and testing in different folds, and by preventing 
optimistic bias through the separation of data used for model tuning and final evaluation, nested cross-validation enhances the 
robustness and generalizability of the results, even with a limited sample size.

The nested cross-validation procedure used in this study is summarized in Algorithm 3, which outlines the outer evaluation loop 
and the inner hyperparameter-tuning loop.

Algorithm 3 Robust Machine Learning Pipeline for QC Breakdown Prediction
1: Input: Aggregated crane-level dataset (𝑁 ≈ 730 samples)
2: Step 1: Load and Prepare Data
3: Load dataset generated by Algorithm 1
4: Remove descriptive and leakage-prone features
5: Separate features 𝑋 and target labels 𝑦
6: Step 2: Define Models and Hyperparameter Spaces
7: Models = {Decision Tree, Random Forest, Logistic Regression, Neural Network, SVM, GaussianNB, LightGBM}
8: Define model-specific hyperparameter search spaces
9: Step 3: Nested Cross-Validation with Leakage Prevention
10: for each model in Models do
11:  Initialize outer stratified 𝐾-fold cross-validation (𝐾 = 5)
12:  for each outer train-test split do
13:  Construct preprocessing pipeline on outer training fold only:
14:   (i) Feature scaling (if required by model)
15:   (ii) Lasso-based feature selection
16:  Initialize inner stratified 𝐾-fold cross-validation for hyperparameter tuning
17:  Train and tune the model using inner folds
18:  Select best hyperparameters based on mean inner-fold performance
19:  Retrain model on full outer training fold using best hyperparameters
20:  Evaluate final model on held-out outer test fold
21:  Store performance metrics (F1-score, ROC-AUC, Precision, Recall, Accuracy)
22:  end for
23:  Compute mean and standard deviation of metrics across outer folds
24: end for
25: Step 4: Ensemble Learning
26: Select top-performing base models (e.g., LightGBM, Random Forest, Logistic Regression)
27: (a) Voting Ensemble
28: Combine predicted probabilities of selected models via soft voting
29: Evaluate ensemble predictions using outer test folds
30: (b) Stacking Ensemble
31: Use base model predictions as meta-features
32: Train meta-learner (e.g., Logistic Regression) on inner folds
33: Generate final predictions on outer test folds
34: Evaluate stacked model performance
35: Step 5: Performance Evaluation across Classifiers
36: Compute performance metrics (Accuracy, F1-score, Precision, Recall, ROC-AUC) to evaluate and compare classifiers
37: Generate Confusion Matrix, Precision-Recall Curve, ROC Curve, Calibration Curve, and Learning Curve for analysis
38: Output: Model performance evaluation results, Various plots to evaluate and compare model performance

3.5. Hyperparameter tuning using random search

Random search is a widely used hyperparameter optimization method that is less affected by the curse of dimensionality than 
grid search. Instead of exhaustively evaluating all parameter combinations, it samples hyperparameter values independently from 
predefined distributions, allowing more efficient exploration of the search space (Bischl et al., 2023).

Hyperparameter tuning was performed using randomized search within a nested cross-validation framework. The outer loop 
consisted of 5-fold stratified cross-validation to estimate generalization performance, while the inner loop employed 5-fold stratified 
cross-validation for hyperparameter optimization. For each classifier, a model-specific search space was defined, comprising key 
structural and regularization hyperparameters such as tree depth (e.g., 3–15), number of estimators (100–300), regularization 
strength (e.g., 𝐶 = 0.001-10), learning rate, and network architecture. The search spaces consisted of discrete candidate values 
tailored to the relatively small dataset and model complexity.
10 
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Hyperparameter optimization was conducted independently for each classifier. The number of sampled configurations was 
determined dynamically based on the size of the search space, with a minimum of 10 and a maximum of 50 sampled combinations 
per model. Model selection within the inner loop was based on mean cross-validated accuracy, reflecting the objective of maintaining 
a balanced overall error rate while avoiding excessive false positive predictions that would lead to unnecessary operational 
interruptions, which are particularly costly in this application.

In addition, ROC–AUC was considered as a complementary metric specifically for ensemble selection, as it provides a threshold-
independent measure of class discrimination. While accuracy was used during hyperparameter tuning to control the overall error 
rate and limit costly false positive breakdown predictions, ROC–AUC enables the identification of ensembles with strong ranking 
performance and improved sensitivity to breakdown events across varying decision thresholds.

3.6. Model comparison and evaluation metrics

To evaluate classification performance, this study follows the guidelines by Tharwat Tharwat (2021). The binary classification 
task aims to predict whether a breakdown risk is absent or likely, based on QC monitoring, terminal operations, and weather data. 
Evaluation is based on the confusion matrix, which includes true positives (TP), false positives (FP), true negatives (TN), and false 
negatives (FN).

Key metrics include accuracy (overall correctness), precision (correctness of positive predictions), and recall (ability to identify 
actual positives). Since precision and recall often conflict, the F1-score is used to balance them via their harmonic mean.

Given the operational relevance of both missed detections and false alarms, multiple complementary metrics are reported to 
provide a comprehensive assessment of model performance. Precision–Recall (PR) curves visualize the trade-off between precision 
and recall across different classification thresholds, while Receiver Operating Characteristic (ROC) curves plot the true positive rate 
against the false positive rate. Both curves offer insight into model behavior under varying conditions, with the area under the curve 
(AUC) serving as a comparative measure of overall performance (Zhou, 2021).

4. QC feature and model insights derived from XAI

This section presents the key features identified through our XAI-based feature selection pipeline (Algorithm 2) to explain QC 
breakdowns. To support an intuitive understanding of how these features influence the predictions, we provide both global and 
local SHAP visualizations. The global plots highlight overall feature importance patterns across the dataset, while the local plots 
illustrate how individual features shape specific instance-level outcomes.

All SHAP analyses are based on the LightGBM model, selected for two main reasons. First, as shown in Section 5, LightGBM 
achieves the best predictive performance among the evaluated classifiers. Second, LightGBM is widely recognized for its speed, 
effectiveness, flexibility, and ability to handle large-scale data, making it highly suitable for real-time predictive maintenance 
applications (Bagci Das, 2025). These properties ensure that the derived explanations align with both operational demands and 
practical deployment considerations.

4.1. Global feature importance with SHAP

To identify and assess the influence of the explanatory variables, we compute the average absolute SHAP value for each feature 
across all samples. This metric quantifies the contribution of each variable to predicting QC downtime. The 15 most influential 
features, ranked by their mean absolute SHAP values, are presented in Fig.  4(a).

The results indicate that three major feature groups dominate the prediction of breakdowns: (1) QC operational characteristics, 
particularly discharge and load operation duration and the number of required QC moves; (2) system error indicators, especially 
those related to the hoist and trolley assemblies; and (3) environmental factors, including wind speed and temperature. Increased 
vessel handling time, evidenced by longer operational periods and a greater number of QC moves, is consistently associated with 
a higher likelihood of downtime. This is often accompanied by an increase in recorded error events and warnings. The results also 
show that an imbalanced operational share between QCs working in parallel affects breakdown risk.

Fig.  4(b) provides more detail on how the identified 15 most relevant features affect predicting breakdowns. The 𝑥-axis illustrates 
the direction and magnitude of each feature’s contribution, and the 𝑦-axis shows its overall relative importance. Most feature 
patterns, such as longer discharge and load durations, a higher QC time share, and hoist- or trolley-related warnings, are associated 
with an increased probability of breakdowns. Conversely, certain conditions, such as higher ambient temperatures, lower wind 
speeds, and higher humidity, are linked to a reduced risk of breakdowns. Notably, an overall increase in moves or a higher average 
number of moves per hour across all QCs does not inherently elevate breakdown risk; however, QCs that carry a disproportionate 
share of the workload face a significantly higher risk of breakdown.

Overall, the SHAP analysis reveals that the risk of QC downtime is influenced by the interaction between operational workload, 
control-system disturbances, mechanical load conditions, and environmental stressors. Operational intensity features, such as total 
moves across QCs, QC time share, QC move share, QC discharge time, and QC load time, emerge as dominant contributors. This 
indicates that sustained workload pressure and uneven task allocation are key predictors of increased downtime risk. Control and 
safety system indicators, including gantry safe-op stops, trolley alignment warnings, ship profile validation faults, and positioning 
errors, further emphasize the importance of stable control systems, as frequent anomalies are associated with a higher likelihood of 
disruption. Mechanical load indicators, such as hoist overload and excessive load imbalance events, reflect physical stress conditions 
11 



R. Klar et al.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

d
c

o
f
w
c

n
m

i
a

g
e
5

Maritime Transport Research 10 (2026) 100152 
Fig. 4. Understanding relevant features and their magnitude (Subfigure 4(a)) and how these affect predictions (Subfigure 4(b)) using 
SHAP (Lundberg et al., 2020).

Table 3
Descriptive and inferential statistics comparing operational and environmental variables for breakdown and non-breakdown observations.
 Feature Group Descriptive Statistics Inferential Statistics

Median Mean Standard deviation 𝑝-value Effect size 95% CI  
Align Trolley Warning (count) Breakdown 1.000 3.693 9.268 0.000 −0.175 [0.000, 1.000]  

No Breakdown 0.000 2.132 6.490  
QC Load Time (h) Breakdown 10.767 10.229 5.077 0.001 −0.183 [0.600, 3.217]  

No Breakdown 8.467 8.709 4.949  
Hoist Overload (count) Breakdown 3.000 8.299 13.129 0.002 −0.164 [1.000, 3.000]  

No Breakdown 1.000 5.075 9.818  
QC Discharge Time (h) Breakdown 6.785 7.369 4.856 0.014 −0.134 [0.100, 2.133]  

No Breakdown 5.667 6.261 4.167  
QC Time Share Breakdown 0.926 0.809 0.241 0.049 −0.108 [−0.010, 0.068] No Breakdown 0.887 0.765 0.254  
Humidity [%] Breakdown 81.370 77.843 13.863 0.160 0.077 [−4.514, 0.655] No Breakdown 82.600 78.976 15.065  
Max Wind Speed [m/s] Breakdown 8.300 8.700 3.154 0.339 −0.052 [−0.300, 1.100] No Breakdown 8.000 8.462 3.315  

irectly linked to protective shutdown mechanisms. Environmental factors, such as wind speed, temperature, and humidity, also 
ontribute to QC downtime by affecting crane dynamics, mechanical stress, and electronic reliability.
These findings collectively indicate three dominant pathways used by the model when predicting QC breakdowns: operational 

veruse and workload imbalance, control-system instability, and mechanical overload. Environmental conditions act as amplifying 
actors. These insights provide a basis for predictive maintenance that is both interpretable and actionable. This enables proactive 
orkload management, early anomaly detection in control systems, and adaptive operational planning under adverse environmental 
onditions.
We also acknowledge that several operational variables in our dataset exhibit correlation (e.g., QC load time, discharge time, 

umber of moves, and crane time share). In such cases, SHAP may distribute importance across correlated features in a non-unique 
anner, meaning that the magnitude of individual feature attributions should be interpreted at the level of broader feature groups.
Finally, we emphasize that SHAP explains model-inferred predictive structures and does not establish causality. Consequently, the 

dentified patterns highlight conditions associated with breakdowns for operational decision-making, but should not be interpreted 
s evidence of causal effects without further domain-specific validation.
To further illustrate the relationships identified through the SHAP analysis, boxplots stratified by breakdown occurrence were 

enerated (Fig.  5). Jittered data points were overlaid to show the distribution. Points beyond 1.5 interquartile range (IQR) were 
xcluded from the overlay for clarity. Six representative examples are shown: terminal-operation features (Subfigures 5(a) and 
(d)), warnings and error events captured by the QC monitoring system (Subfigures 5(b) and 5(e)), and weather-related influences 
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Fig. 5. Visualizing the impact of selected features from terminal operations data (Subfigures 5(a) & 5(d)), QC monitoring system records 
(Subfigures 5(b) & 5(e)) and weather data (Subfigures 5(c) & 5(f)) on QC breakdowns.

(Subfigures 5(c) and 5(f)). These plots confirm that the likelihood of breakdowns increases with higher operational demand, as well 
as with more frequent hoist overload and trolley alignment warnings. Conversely, weather impacts, such as lower temperatures and 
stronger winds, only mildly increase the risk of downtime on their own.

These observations are consistent with the statistical tests reported in Table  3, which presents the Mann–Whitney U test results 
for the selected features. Both the operational and monitoring variables shown in Fig.  5 are statistically significant (𝑝 < 0.05), with 
effect sizes indicating that their distributions differ systematically between breakdown and non-breakdown cases. By contrast, the 
weather variables do not exhibit statistically significant differences between the two groups, suggesting that weather conditions act 
as potential amplifying factors rather than direct drivers of breakdowns.

Taken together, these findings reinforce that when multiple QCs operate in parallel, the risk of breakdown increases substantially 
if one crane carries a disproportionately large share of the workload. This pattern is also reflected in QC Time Share being the second 
most influential global feature in Fig.  4.

4.2. Local SHAP explanations

To further visualize the decision-making process behind our feature importance analysis for assessing QC breakdowns using 
LightGBM and SHAP, we present two extreme cases: one clear non-breakdown case (see Fig.  6(a)) and one breakdown prediction 
case (see Fig.  6(b)). A SHAP waterfall plot visualizes the predicted SHAP values of a single sample by displaying the contribution of 
all features (Ponce-Bobadilla et al., 2024). These plots illustrate how the SHAP values (evidence) of each feature shift the model’s 
prediction from the baseline (mean) expected value toward the final predicted value, highlighting the positive or negative influence 
of each feature.

While Fig.  4 shows the global contribution of predictors across all samples, Fig.  6 illustrates how individual features drive specific 
predictions. For example, in Fig.  6(a), the QC in the displayed instance was used only 18.5% of the vessel operation time, resulting 
in a relatively short discharging duration (2.4 h) and short overall usage time (5.817 h). Moreover, no warnings occurred in the QC 
monitoring system during that period, collectively pushing the prediction toward a non-breakdown outcome.

In contrast, the QC in the breakdown case shown in Fig.  6(b) was utilized extensively, with more than 20 h spent discharging 
containers and a total usage time exceeding 45 h. This intensive usage coincided with multiple warnings captured by the QC 
monitoring system, including several hoist load-related warnings and ISU main contactor warnings, which may interfere with 
the crane’s main electrical circuit and its ability to operate normally. These factors jointly shift the model’s prediction toward a 
breakdown.
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Fig. 6. SHAP waterfall plots visualizing how specific features contribute to either a non-breakdown (Fig.  6(a)) or a breakdown (Fig.  6(b)) 
prediction.

Table 4
Performance Comparison of ML Models Using Nested Cross-Validation (Test Scores).
 Model Mean performance evaluation across folds Standard deviation
 Accuracy F1-Score Precision Recall ROC–AUC Accuracy F1-Score Precision Recall ROC–AUC 
 Dummy - Majority Class 0.69 0.56 0.47 0.69 0.50 0.00 0.00 0.00 0.00 0.00  
 Dummy - Random Guessing 0.54 0.55 0.55 0.54 0.51 0.03 0.02 0.02 0.03 0.03  
 Decision Tree 0.73 0.66 0.70 0.73 0.63 0.05 0.08 0.08 0.05 0.08  
 Random Forest 0.78 0.76 0.78 0.78 0.78 0.02 0.02 0.02 0.02 0.02  
 Logistic Regression 0.79 0.78 0.78 0.78 0.79 0.02 0.03 0.03 0.02 0.04  
 Support Vector Machine 0.79 0.78 0.79 0.79 0.73 0.02 0.02 0.02 0.02 0.02  
 Neural Network 0.72 0.72 0.72 0.72 0.68 0.03 0.03 0.02 0.03 0.02  
 GaussianNB 0.78 0.76 0.78 0.78 0.77 0.02 0.02 0.02 0.02 0.03  
 LightGBM 0.83 0.81 0.85 0.83 0.80 0.01 0.02 0.02 0.01 0.04  
 Ensemble (Stacking) 0.83 0.81 0.84 0.83 0.82 0.02 0.03 0.01 0.02 0.03  
 Ensemble (Voting) 0.83 0.82 0.83 0,83 0.82 0.02 0.02 0.02 0,02 0,02  

5. Predictive performance evaluation using nested cross-validation

This section presents the results from our performance evaluation of the classifiers described in Section 3.3 using nested cross-
validation (3.4), which classify QC operations during ship handling as either prone to breakdowns or not. This enables a systematic 
comparison and benchmarking of classifier performance across a range of evaluation metrics (Section 5.1). In addition, Section 5.2 
provides insights into how the classifiers scale with additional data and how well they generalize.

5.1. Performance comparison across classifiers

Two baseline dummy classifiers are used to evaluate the performance of our trained models, the majority class classifier, which 
always chooses the most common class, i.e. no breakdown in the case of this study, and the random classifier, which randomly 
chooses whether input features lead to disruption or not in our binary classification setting.

The comparison of the seven selected classifiers in Table  4, ranging from simple to more complex models, shows that all methods 
are able to capture meaningful patterns in the data, as they consistently outperform the baseline models (majority class and random 
guessing) across all evaluation metrics.

Among the individual classifiers, LightGBM achieves the best overall performance, with a mean accuracy of 83% across folds, 
which motivates its use in the previous XAI-based feature contribution analysis (Section 4). Logistic Regression is the second-best 
performing model, achieving an accuracy of 79%, while SVM and Random Forest also demonstrate competitive performance, with 
accuracies close to 80%.
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Fig. 7. Performance evaluation across the utilized classifiers using PR and ROC curves.

Fig. 8. Confusion matrices aggregated across outer folds for baseline models, classifiers, and a soft voting ensemble evaluated using nested 5-fold 
cross-validation.

In addition to the individual models, ensemble approaches combining LightGBM, Random Forest, and Logistic Regression provide 
marginal improvements in predictive performance, particularly in terms of ROC–AUC (for both stacking and voting) and F1-score 
(for stacking).

The visual comparison of the seven different ML classifiers and the two dummy classifiers in Fig.  7(a) reveals that LightGBM 
and Logistic Regression have the highest performance, as they are predominantly represented in the upper right corner of the plot. 
The larger area under the curve indicates both high recall and high precision, which is also reflected in the higher AUC values of 
these classifiers. High precision is achieved by minimizing false positives (i.e., predicting no breakdown when there is one), while 
high recall is achieved by minimizing false negatives (i.e., predicting a breakdown when there is none).

The superior performance of LightGBM and Logistic Regression is also evident in Fig.  7(b), as their ROC curves are closest to 
the top-left corner, indicating that these models best distinguish between the positive (breakdown) and negative (non-breakdown) 
classes. This is further supported by the AUC–ROC values of these classifiers, where higher values indicate better overall classification 
performance. Combining these models using soft voting and stacking ensembles further improves predictive performance.

The comparatively weaker performance of GaussianNB and Random Forest in Fig.  7(a) can be attributed to their limitations 
in probability estimation under feature dependence and class imbalance, whereas LightGBM and Logistic Regression provide 
better-calibrated probabilities, which is particularly important for precision–recall evaluation.

The comparison of the confusion matrices in Fig.  8 and Table  4 shows that all of our seven classifiers have better performance 
compared to our two baseline classifiers. However, it is also noticeable that some of the models, especially the Decision Tree model, 
predict most disruption-free operations as such, but tend to predict the absence of disruptions in cases where they are not, which 
is also known as a type 2 error, falsely indicating that no breakdown will occur.

The comparison among the classifiers further reveals that Logistic Regression and SVM are the most capable of detecting 
breakdowns, whereas LightGBM, which has the highest predictive accuracy across classes, has a very low type 1 error, corresponding 
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Fig. 9. The left panel shows validation performance as a function of training set size, with shaded regions indicating ± standard deviation across 
5-fold cross-validation. The right panel shows the generalization gap (training minus validation performance), where larger values indicate 
stronger overfitting.

to few false positive breakdown predictions. The Voting ensemble represents a favorable trade-off, maintaining relatively low rates 
of both type 1 and type 2 errors.

5.2. Learning curves

Learning curves illustrate the evolution of model performance as a function of training data size. They are constructed using 
the best-performing model configurations identified through nested cross-validation and subsequently retrained on the full dataset. 
This setup enables an assessment of how predictive performance scales with increasing data while keeping the model configuration 
fixed. An overview of model performance is presented in Fig.  9. Solid lines denote validation performance, while dashed lines 
represent training performance. Shaded regions indicate ± standard deviation across 5-fold cross-validation, providing an estimate 
of variability across data splits.

The performance of the retrained models is slightly lower than the nested cross-validation estimates. This is expected, as nested 
cross-validation optimizes hyperparameters independently within each training fold, allowing models to adapt to fold-specific 
data characteristics and yielding mildly optimistic performance estimates. In contrast, the final retrained model uses a single 
hyperparameter configuration selected based on average cross-validation performance, which may not be globally optimal and 
therefore results in slightly reduced performance.

Despite this difference, the relative ranking of models remains stable. LightGBM achieves the strongest generalization perfor-
mance, with a validation accuracy of 0.80 and a small generalization gap of 0.07, indicating a favorable bias–variance trade-off. In 
contrast, Random Forest exhibits pronounced overfitting, achieving near-perfect training accuracy (0.99) but a substantially lower 
validation accuracy (0.74), resulting in a generalization gap of 0.26. Logistic Regression and SVM show similar patterns, with training 
accuracies above 0.92 but larger gaps (0.18 and 0.16, respectively), indicating moderate overfitting. Simpler models, such as Decision 
Tree, GaussianNB, as well as the Neural Network, exhibit smaller gaps, have but lower overall predictive performance.

Overall, these results confirm the robustness of the nested cross-validation procedure, which provides reliable and low-variance 
performance estimates across data splits. The learning curves further indicate that LightGBM offers the most favorable trade-
off between predictive accuracy and generalization, while also suggesting that additional training data may further improve 
performance.

These findings are consistent with the limited dataset size (735 samples, including 230 breakdown cases), which increases the 
variance of high-capacity models and exacerbates overfitting effects, as observed for Random Forest. In contrast, gradient-boosted 
models such as LightGBM are better suited to this data regime due to their inherent regularization mechanisms, enabling more 
stable generalization under limited data conditions.

6. Discussion

In recent years, to keep pace with the rapid growth of container transportation, major ports worldwide have deployed large, 
highly computerized QCs. These cranes are designed to maximize handling efficiency, reduce vessel turnaround times, and meet 
increasing throughput demands (Tao et al., 2024). As the primary interface for ship-to-shore interface, QCs are indispensable 
to terminal performance. However, due to their high operational intensity, mechanical complexity, and increasing levels of 
computerization and automation, QCs are also among the most error-prone assets in port environments (Klar et al., 2023). 
Ensuring disruption-free QC operations is therefore essential for maintaining port productivity, achieving environmental targets, 
and enhancing sustainability (Lim et al., 2019).
16 



R. Klar et al. Maritime Transport Research 10 (2026) 100152 
This study addresses this challenge by integrating QC monitoring data, terminal operations data, and historical weather 
observations to predict QC breakdowns using ML. By combining these heterogeneous data sources, we explore the factors that 
increase downtime risk and assess the predictive potential of different classifiers.

6.1. Assessment of key findings

Our findings, derived from SHAP-based feature importance analysis using the best-performing classifier, LightGBM, and supported 
by global and local SHAP explanations, reveal clear and consistent patterns characterizing the drivers of QC breakdowns. Together, 
these results demonstrate that XAI provides a rigorous and transparent analytical framework for identifying the operational, 
mechanical, and environmental conditions under which disruptions are most likely to occur.

The SHAP analysis identifies three dominant categories of features that consistently contribute to elevated downtime risk:

1. Operational intensity: Higher workload levels, reflected in longer discharge and load durations, increased move counts, 
and disproportionately high QC time and move shares, are strongly associated with increased downtime risk. These patterns 
suggest that sustained operational pressure and uneven workload distribution may accelerate mechanical wear and increase 
system strain.

2. Control-system and hoist-related warnings: System-generated events, including hoist overload conditions, excessive load 
differentials, trolley alignment warnings, and safety-related gantry stops, emerge as strong predictors of downtime. These 
indicators likely reflect underlying mechanical stress, sensor misalignment, or control-system instability, and may serve as 
early warning signals preceding forced operational stoppages.

3. Environmental stressors: Although environmental conditions are less impactful than operational intensity, factors such 
as elevated wind speeds, low temperatures, and low humidity levels appear to further increase the risk of downtime. 
These factors can affect crane stability, mechanical stress, and electronic reliability, exacerbating existing operational and 
mechanical vulnerabilities.

Taken together, these findings suggest a coherent explanatory framework in which QC downtime risk emerges from the 
interaction between operational workload, control-system stability, and environmental exposure. This integrated understanding 
provides a strong foundation for predictive maintenance and operational optimization, supporting proactive workload balancing, 
early detection of control-system anomalies, and adaptive operational planning under adverse environmental conditions.

These findings align closely with earlier research linking heavy loads and high-speed operations to mechanical degrada-
tion (Gothandapani et al., 2024; Crespo Del Castillo et al., 2024; Awasthi et al., 2024; Jalal et al., 2023; Mukherjee et al., 2024). 
Similarly, Crespo Del Castillo et al. (2024) highlights harsh weather as a contributing factor to breakdowns, which aligns with our 
SHAP analysis identifying weather conditions as relevant features.

At the same time, several factors highlighted in earlier studies, such as maintenance delays (Crespo Del Castillo et al., 2024), 
age-related degradation (Gothandapani et al., 2024), and human operator errors (Awasthi et al., 2024), are beyond the scope of the 
present dataset, but remain important considerations for comprehensive maintenance planning.

Our work thus complements existing literature on QC maintenance, which primarily addresses (post-) disruption scheduling 
aimed at maintaining operational efficiency and asset health monitoring. Building on our findings, we discuss proactive mitigation 
strategies and directions for future research to reduce the risk of QC downtime, improve operational efficiency, and lower emissions 
from port operations.

6.2. Proactive mitigation strategies

Understanding the factors associated with QC breakdowns enables targeted preventive interventions. As vessel turnaround time 
directly influences terminal efficiency, operational costs, and emissions (Iris and Lam, 2019), minimizing unplanned downtime 
is critical for both economic and environmental performance. QC breakdowns disrupt the entire port logistics chain, leading to 
extended vessel port stays, increased cycle times, congestion, and idling of ships and equipment, all of which contribute to elevated 
fuel consumption and emissions.

Based on the interpretability-driven local and global SHAP analysis, several actionable mitigation strategies are identified:

• Early detection of critical system events through data-driven monitoring: The SHAP analysis highlights the predictive 
importance of hoist-related faults, including overload conditions and differential load warnings, as well as trolley-related 
warnings such as misalignment, and safety-related gantry stop warnings. These indicators likely reflect developing mechanical 
stress or control system degradation. Continuous real-time monitoring of these signals can enable early intervention, preventing 
fault escalation and reducing the likelihood of unplanned downtime.

• Environment-aware maintenance and operational planning: Environmental factors, particularly low temperatures, low 
humidity, and high wind speeds, are mildly associated with an increased risk of downtime. These conditions can accelerate 
component degradation, affect sensor performance, and increase mechanical stress. Therefore, maintenance planning and 
inspection schedules should account for environmental exposure, especially during periods of intensive operation or severe 
weather conditions.
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• Load- and utilization-aware preventive maintenance and operational balancing: Operational workload characteristics 
emerge as dominant predictors of downtime risk. These characteristics include the total number of QC moves, load and 
discharge durations, and the relative workload distribution across cranes, as reflected by QC time share and QC move 
share. Elevated move counts and prolonged load and discharge operations are associated with increased mechanical stress 
and component wear. Disproportionately high time and move shares for individual cranes, indicating workload imbalance 
across available QCs, are strongly associated with increased downtime risk. This suggests that uneven workload allocation 
can accelerate localized component degradation and increase the likelihood of failure. Therefore, preventive maintenance 
strategies should incorporate workload-based triggers that account for cumulative operational exposure and relative crane 
utilization. Additionally, operational planning should aim to distribute container moves and operational time evenly across 
cranes to reduce mechanical strain.

These findings suggest that QC downtime risk is driven by the interaction between operational workload, control-system 
stability, and environmental stressors. Effective mitigation strategies should therefore integrate these dimensions into maintenance 
planning and operational decision-making. While preventive maintenance interventions may introduce minor short-term operational 
interruptions, they are likely to significantly reduce the frequency and impact of unplanned breakdowns, thereby improving overall 
terminal efficiency, reducing energy consumption, and minimizing emissions.

6.3. Limitations and future research

Future research should focus on assessing the generalizability of these findings by expanding the dataset temporally and spatially. 
The current sample of 735 QC vessel handling instances, derived from 347 vessel calls, which represents two years of data from 
a mid-sized Swedish port, limits the model’s generalizability. Enhanced studies with data from multiple port container terminals 
representing ports with different throughputs and differing environmental conditions would yield more generalizable findings.

This study integrates terminal operational records, QC monitoring data, and weather conditions to provide a comprehensive 
representation of the immediate operational environment. Several variables, such as vessel operation duration and the number of 
assigned cranes, implicitly capture aspects of terminal workload and resource allocation.

However, we acknowledge that additional terminal-level factors, such as the degree of port automation, workforce availability, 
and overall cross-terminal operational workload, may further influence QC utilization and maintenance conditions, thereby 
contributing to breakdown occurrences. Future work could enhance the explanatory power of data-driven predictive maintenance 
models by extending the proposed framework to incorporate these factors.

A limitation of the proposed approach is that features and target are derived from the same operational time window. As a result, 
the model should not be interpreted as a real-time predictive system for anticipating breakdowns prior to their occurrence. Instead, 
it provides insights into operational conditions associated with breakdown-prone vessel calls and enables the identification of key 
risk factors at the operational level. Despite this limitation, the results demonstrate that breakdown occurrences are systematically 
related to observable operational, monitoring, and environmental conditions, supporting the validity of the proposed modeling 
framework. Future work could extend this approach by introducing a temporal separation between features and target, enabling 
true, forward-looking prediction of breakdown events.

An additional limitation of the proposed approach is that multiple observations may originate from the same vessel call, as each 
assigned QC is represented as a separate sample. Since nested cross-validation is applied at the observation level, this may introduce 
dependencies between training and test sets, potentially leading to optimistic performance estimates. However, monitoring events 
and breakdowns are recorded at the individual crane level, and empirical observations indicate that breakdowns are often associated 
with uneven workload distribution across cranes (see Fig.  5). This supports the QC-level modeling approach, while capturing shared 
operational context through aggregated features. Future work could address this limitation by applying group-based cross-validation 
at the vessel-call level to explicitly account for dependencies between observations.

Another key limitation is the comprehensive feature matrix, which includes numerous QC monitoring events, warnings, terminal 
operating conditions, and weather conditions. Thus, it encompasses 1007 potential features. While this variety is valuable, it 
introduces challenges related to sparsity, multicollinearity, and interpretability. Future work should explore automated grouping 
of semantically related event types or embedding-based representations to streamline the feature space further.

An important direction for future research is treating novel fault types not captured in historical data. These faults pose significant 
challenges for predictive modeling and have substantial implications for port operations and maintenance planning.

The integration of terminal operations data, weather data, and QC monitoring data in this study reflects many of the port’s 
operational characteristics and events. This further motivates the case for developing port digital twins, which can accumu-
late historical data to identify breakdown patterns and detect anomalies in real time. A digital twin can enhance situational 
awareness by continuously analyzing QC monitoring events, terminal operations, and weather conditions, enabling data-driven 
decision-making (Klar et al., 2023). This approach has the potential to elevate maintenance strategies from proactive to truly 
predictive.

To realize this potential, a digital twin would need to reach at least maturity level 3 (synchronization), or level 5 if autonomous 
interactions with QCs and other equipment are desired (Klar et al., 2024b). The LightGBM classifier used fits well with the real-
time aspect of digital twins due to its fast training and prediction speeds, making it suitable for real-time predictive maintenance 
applications (Bagci Das, 2025).

Real-time digital twin-driven analytics also aligns with emerging smart port architectures, where edge computing and CPS enable 
predictive models to operate close to the equipment (Min, 2022). Processing data locally at the edge, closer to sensors and equipment, 
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reduces latency (Ahmadvand and Foroutan, 2025), enabling faster responses to anomalies and allowing for proactive reactions to 
mitigate the risk of QC downtime. CPS technologies further support this by integrating sensors, machine-to-machine communication, 
and automated control, facilitating autonomous decision-making in dynamic port environments (Min, 2022).

Another promising direction for future research is to quantify the potential cost and emissions savings enabled by proactive 
maintenance actions. For example, estimating CO2 savings per hour of avoided downtime or calculating total cost savings per hour 
of disruption could provide valuable insights for port operators and policymakers. Such metrics would help justify investments in 
predictive maintenance systems and support sustainability goals in maritime logistics.

7. Conclusion

This study makes two key contributions to understanding and predicting QC breakdowns. First, it provides a comprehensive XAI 
analysis combining global SHAP feature attributions and local, instance-level explanations. This analysis uncovers how operational, 
mechanical, and environmental conditions shape downtime risk. This interpretability-driven component provides transparent, 
domain-specific insights into the mechanisms behind QC breakdowns.

Second, the study introduces a thorough ML pipeline that evaluates and compares multiple classifiers using nested cross-
validation. This rigorous evaluation identifies LightGBM as the most robust model under the examined conditions. This best-
performing classifier is thus used to generate global and local SHAP explanations. Together, these contributions form an integrated, 
data-driven framework for understanding and mitigating QC disruptions in terminal operations.

The results provide terminal operators and maintenance planners with actionable insights. By identifying high-risk operational 
conditions, such as sustained QC workload, uneven crane utilization, hoist overload events, and adverse weather conditions, this 
study supports the development of targeted preventive maintenance strategies. These strategies include early-warning triggers 
based on monitoring signals, interventions to balance workloads, and weather-aware operational planning. Implementing these 
proactive measures can reduce unplanned stoppages, lower operational costs, and decrease emissions associated with extended 
vessel turnaround times and idling equipment.

Despite these promising findings, the study is constrained by the size and scope of the dataset, which covers two years of 
crane-level operational records from a single medium-sized port. This limits the generalizability of the results to ports with 
different environmental conditions, or operational practices. Additionally, the analysis does not explicitly incorporate factors such as 
maintenance crew availability, vessel scheduling constraints, or human operator behavior, which may influence downtime patterns 
but fall outside the scope of the current dataset.

Future research should explore larger and more diverse datasets across multiple terminals to improve model robustness and 
generalizability. Incorporating temporal dynamics, such as time-series modeling of error events and environmental conditions, 
could enhance predictive accuracy. Further research could also integrate real-time sensor data, maintenance logs, and operational 
schedules to develop adaptive models for live decision support. Finally, quantifying the economic and environmental benefits of 
predictive maintenance would provide a more comprehensive assessment of the value of XAI-driven maintenance strategies in 
sustainable port operations.
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AGV: Automated Guided Vehicle
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CPS: Cyber–Physical System
CS: Container Ship
CT: Container Terminal
CY: Container Yard
FN: False Negative
FP: False Positive
GBM: Gradient Boosting Machine
GaussianNB: Gaussian Naive Bayes
IoT: Internet of Things
KPI: Key Performance Indicator
LightGBM: Light Gradient Boosting Machine
ML: Machine Learning
PR Curve: Precision–Recall Curve
QC: Quay Crane
ROC–AUC: Receiver Operating Characteristic–Area Under Curve
SHAP: SHapley Additive exPlanations
SMHI: Swedish Meteorological and Hydrological Institute
SVM: Support Vector Machine
TEU: Twenty-Foot Equivalent Unit
TN: True Negative
TP: True Positive
XAI: Explainable Artificial Intelligence
YC: Yard Crane 
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