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Abstract—Efficient port operations depend on the disruption-
free operation of quay cranes (QCs), which transfer containers
between vessels and internal trucks. As global container through-
put rises, QCs face increased pressure, resulting in accelerated
wear and tear. This can lead to QC downtime, which could
interrupt the entire chain of port operations. Therefore, timely
identification and prediction of critical errors is essential to
enable timely maintenance to lower the risk of downtime. This
study utilizes two years of QC monitoring data, enriched with
weather conditions and terminal operational context, alongside
twenty critical error events identified by the terminal operator.
The goal is to predict the occurrence and timing of these critical
errors through a three-stage machine learning model. The first
stage predicts the type of the next critical event based on
historical error patterns, warnings, and contextual data. The
second stage estimates a time window in which the event will
occur. The third stage refines timing predictions when more
than one hour remains. The first two stages are formulated as
multiclass classification problems, and the third as a regression
task. All stages utilize eXtreme Gradient Boosting (XGBoost).
SHapley Additive exPlanations (SHAP) are used to identify
influential features. Results show that the model predicts the
next critical error type with 83% accuracy and its immediacy
with 71% accuracy. However, approximating the timing of events
anticipated to occur beyond one hour remains challenging. These
findings support proactive maintenance planning and operational
adjustments, helping port operators mitigate disruptions and
enhance QC reliability.

Index Terms—eXtreme Gradient Boosting (XGBoost), Machine
Learning, Predictive Maintenance, Quay Cranes, Resilient Port
Operations.

I. INTRODUCTION

Disruption-free operation of quay cranes (QCs) is essential
for efficient port operations. QCs act as an interface for ship-
to-shore operations, transferring containers between vessels
and the ports’ internal trucks [1]]. However, while global
container throughput is consistently rising, the number of QCs
often remains limited due to spatial expansion constraints [2]]
and the high costs of acquiring and maintaining QCs [3|.

An overview of global container throughput over the past
25 years is presented in Figure[I] The data reveals a consistent
upward trend, with global throughput rising from 759 million
twenty-foot equivalent units (TEUs) in 2020 to 978 million
TEUs in 2025—a 28.85% increase [|1]. Notably, this growth
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persisted despite the disruptions caused by the COVID-19
pandemic. Over the entire 25-year period, global container
throughput has surged by 334.67%, underscoring the steady
growth of maritime transport [4].

This persistent growth places increasing pressure on port
infrastructure, driving the need to maximize equipment utility
and operational efficiency [5]. Among all port assets, QCs
are particularly vulnerable to wear and tear. Their critical role
in bridging maritime and landside operations, combined with
high workload, operational complexity, limited availability,
and safety concerns, especially when multiple QCs operate
in parallel, makes them the most error-prone and frequent
bottleneck in terminal operations [4], [6].
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Fig. 1: Visualization of world container growth [/1].

Consequently, the performance of QCs is recognized as a
key performance indicator (KPI) in evaluating overall port
efficiency. Notteboom et al. [5] identify six core KPIs, as
summarized in Table[[} The table illustrates how QC downtime
affects the entire operational chain: it directly impacts KPIs
P2, P3, and P4, while indirectly influencing P1, P5, and P6.
Among these, crane performance (P3), typically measured
by the average number of QC movements per hour, is a
common bottleneck. For maritime shipping companies, this
metric is particularly critical, as it directly correlates with
vessel turnaround time and, consequently, port-related costs
(3]

Building on the classification proposed by Li et al. [7],
recent research approaches QC disruptions from three key
angles: (1) identifying specific fault types, (2) uncovering their



TABLE I: Impact of QC Downtime on port performance [5].

Performance L .
Indicator Description Impact by Crane Downtimes
Average Time ships wait at Longer berth occupancy reduces
Anchorage anchorage before slot availability and increases
Time (P1) berthing. anchorage delays.
Ship Total time a ship Delayed handling extends port
Turnaround spends in port stay and disrupts schedules
Time (P2) P port. y P -
Crane Average container Downtime reduces operational
Performance moves per crane per availability, severely diminishing
(P3) hour. productivity.
Yard Dwell Time containers s]ower un]oadmg causes

. g intra-terminal congestion and
Time (P4) remain in the yard. X

longer storage times.

Truck Time trucks spend in Container delays lead to longer
Turnaround the terminal truck queues
Time (P5) : queues.
Gate Waiting Time trucks wait at Unloading delays lead to
Time (P6) terminal gates. disrupted truck schedules.

underlying causes, and (3) developing rescheduling strategies
for QC tasks following fault events [8[]. While much of the
existing literature focuses on scheduling strategies, relatively
few studies leverage machine learning (ML) to understand or
predict the root causes of QC faults.

ML has been applied in various QC-related contexts, for
instance, to forecast crane productivity using artificial neural
networks [[9], or to enhance port safety by predicting container
terminal accidents based on historical operational data [10].
However, its use in diagnosing and predicting events that might
cause QC disruptions remains limited. Existing ML-based
approaches towards exploring QC downtime prediction tend
to concentrate on isolated components, such as the electric
control system [11f], [12] or the hoist system [13], [14],
and often lack integration with broader terminal operations
or contextual data such as weather conditions. Consequently,
Filom et al. [15] highlight the need for more comprehensive
ML-driven research into QC downtime.

Given the growing complexity of QC systems and the
shortcomings of current predictive methods, there is an urgent
need for more integrated, data-driven solutions capable of
anticipating particular error types and their timing. This paper
addresses this need by proposing a machine learning frame-
work that uses real-world QC monitoring data enriched with
operational and environmental context to predict critical error
events and their expected occurrence times. The next section
outlines the specific research gaps addressed and summarizes
the key contributions of this study.

II. RESEARCH GAP AND CONTRIBUTIONS

QCs are essential to efficient port operations, enabling the
transfer of containers between sea and land and thereby facili-
tating multimodal transport. However, their limited availability
and intensive usage make downtime particularly disruptive to
terminal performance [16]. This has motivated research efforts
aimed at understanding, predicting, and mitigating critical
events that lead to QC downtime.

Most existing literature on QC downtime focuses on
scheduling-based solutions rooted in operations research (OR)

[3, [8], [16]]. These approaches primarily address post-
downtime rescheduling to maintain high operational efficiency.
In contrast, there is limited research leveraging machine learn-
ing (ML) to proactively understand and predict the causes
of QC faults before they occur. The few ML-based studies
in this area tend to focus on anomaly detection [14], fault
identification in QC components or subsystems [12]], [[17]], or
post-hoc analysis of explanatory features contributing to QC
downtime [18]].

TABLE II: Comparison of relevant papers on predicting and
preventing QC downtime.

Ref. Summary

OR-based Approaches

18] Proposes integrated scheduling of QCs, yard cranes, and automated guided
vehicles under QC fault scenarios. Uses mixed integer programming and
a two-stage NSGA-II algorithm. Demonstrates reduced fault impact and
improved operational continuity.

[19] Addresses joint berth allocation and QC assignment with preventive main-
tenance. Employs integer linear programming and an e-constraint heuristic.
Shows that Pareto-optimal solutions outperform traditional maintenance
strategies in terms of efficiency and fault resilience.

3] Develops a nonlinear integer programming model for integrated berth,
QC, and truck scheduling with QC maintenance. Uses a hybrid SWO-GA
algorithm for large-scale instances. Results show significant improvements
in retrofit scheduling and fault recovery.

ML-Based Approaches

[14] Applies unsupervised learning to detect anomalies in QC motor vibrations
using irregular IoT data. Combines load-based clustering with one-class
SVMs. Effectively flags discordant patterns without labeled data, enabling
early fault detection.

120) Uses deep learning (LSTM) for error detection and prediction in QC
operations. Applies SMOTE to address class imbalance. Achieves high
precision and accuracy, though recall is limited due to short data span
and sparse fault labels.

18] Predicts QC breakdowns using explainable Al with operational and en-
vironmental features, employing global and local SHAP assessments and
nested cross-validation across classifiers. Identifies key contributing factors
and achieves up to 83% accuracy, supporting proactive fault mitigation.

An overview of these recent works and their methodological
distinctions is presented in Table [l It shows that most prior
ML-based approaches use binary classification to identify spe-
cific faults [[14], [20] in QC subsystems or to predict the occur-
rence of general downtimes [[18]]. However, previous research
also highlights that QCs are highly complex computerized
systems composed of multiple subsystems, such as the electric
control system [11], [12]] and the hoist system [13[], [14].
This complexity requires not only the prediction of general
downtime or monitoring of a specific subsystem, but also the
sequential identification of critical errors to enable component-
specific predictive maintenance. Furthermore, predicting the
timing of such errors is essential for data-driven decisions
regarding the extent of preventive maintenance actions, or
whether a crane stop is necessary if insufficient time remains.

Consequently, our contributions can be summarized as fol-
lows:

1) Real-world data integration: We utilize two years of
QC monitoring data from three QCs, enriched with
terminal operations and weather context, constructing a



Weather data
- Windspeed

- Temperature
- Humidity
- Rainfall

Classified next critical
event

A

Terminal operations ..
. . . Prediction
- Begin/end of unloading > Data aggregation o
. > i ——> critical erro
operations (Algorithm 1)

- Crane usage/intensity

(Multiclass ¢

Three-Stage Prediction Framework (Algorithm 2)

Predicted time of
occurrence (for delayed
events)

T

Time of occurance
prediction
(Regression)

Classified time of
occurrence interval

T

Temporal classification
of error occurrence
(Multiclass classification)

if > 60min

of the next
r event type ——>
lassification)

—>

T used as labels

QC crane error events
from monitoring system
- Error events & Warnings

- Time and duration of error
events & warnings
- QCs involved

Subset of errors
identified as critical by
terminal operator

A

SHAP-based ranking of
features

Fig. 2: The overall methodological framework for predicting QC error type and timing.

real-world, data-driven foundation for predictive main-
tenance decision-making.

2) Sequential error prediction: We propose a supervised
machine learning framework centered around Extreme
Gradient Boosting to predict the next occurring er-
ror type, enabling component-specific proactive main-
tenance planning.

3) Timely occurrence prediction: Based on the predicted
error type, we estimate its time of occurrence to assess
whether proactive maintenance is feasible or if a crane
stop is required due to insufficient lead time.

III. METHODOLOGY

This section presents the methodological framework used to
predict the type and timing of critical QC error events. First,
it outlines the problem context ([II-A). Then, it describes the
related data and feature engineering process (III-B) and intro-
duces the chosen classifier, eXtreme Gradient Boosting (IIE[)
Finally, it provides a detailed description of the proposed three-
stage prediction framework (III-D) and outlines performance
evaluation ([II-E). Figure [2] depicts a concise overview of our
overall methodological framework.

A. Problem Context and Terminal Layout

To contextualize the prediction task, Figure [3] illustrates the
layout of the container terminal system from which the data
is retrieved, forming the basis of our analysis.

The terminal consists of a quay equipped with three rail-
mounted QCs used for loading and unloading containers from
vessels. Each crane can be repositioned along the berth to
optimize operational efficiency. Depending on the vessel’s
cargo and the availability of cranes, one, two, or all three
QCs may be scheduled for a given operation. These operations
can range in duration from a few hours to several days. A
comprehensive overview of the container terminal operations
depicted in Figure [3] is provided in [21].

B. Data aggregation and feature engineering

The QC monitoring system data, denoted as Dqc, covers
two full years (2023 and 2024) of operational logs from
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Fig. 3: Schematic of the terminal layout used in this study,
showing three QCs servicing a vessel and the adjacent yard
area.

the three QCs illustrated in Figure 3] To ensure that only
operationally relevant events are included, we exclude error
events recorded during maintenance periods or periodic safety
tests. Specifically, we focus on error events that occurred
during active ship servicing operations.

Based on a prioritisation workshop with the terminal op-
erator Yilport Givle, we further restrict the prediction targets
to the 20 most operationally disruptive error types. However,
when constructing lag features and analyzing event sequences,
we include all prior events, regardless of type, to capture their
potential influence on subsequent critical errors.

This filtered dataset forms the foundation of our analysis.
For each error event in Dgc, contextual terminal operations
data from Diemina are synchronized based on timestamps to
capture crane movements and terminal operations character-
istics during unloading operations. Additionally, weather data
Dyeather from the Swedish Meteorological and Hydrological
Institute (SMHI), collected at 15-minute intervals, are aligned
with each error event by assigning the temporally closest
weather observations.



The full data aggregation and feature engineering process
is depicted in Algorithm An overview of the final en-
gineered features, including their role as label or features,
are depicted in Table Columns are grouped by feature
category, including lagged event history, operational context,
and environmental conditions.

Algorithm 1 Data Alignment and Feature Engineering for
Predicting Citical QC Events

Require: Dqoc: QC event logs with timestamps, crane IDs, and event types; Dyeather:
Time-stamped weather data; Diemina: Operational context (e.g., vessel ID, QC
moves/hour); Eyop: Set of critical events to be predicted

Ensure: Feature matrix X € R™*" and target vector Yevent € F,

corresponds to a critical event

: Step 1: Event Filtering and Target Definition

. Select events occurring during servization from Dqc

. Identify critical events e; € Eiop, to serve as prediction targets

: For each e;, define yevent[¢] as the next occurring critical event

: Retain all prior events (critical and non-critical) for lag feature construction

. Step 2: Temporal Alignment

. for each event e; in Doc do

Retrieve crane and operation context o; from Dieminal

Align e; with nearest weather observation w; from Dyeather

Construct enriched event record r; = {e;, 05, w;}

: end for

. Step 3: Lag Feature Construction

. for each critical event e; € Eyop do

Identify crane c; associated with e;

Retrieve previous 5 events {e;_1, . .

Compute lag features:

n

tops Where each row

.,ei—5} for crane c; (any event type)

T o N

o Inter-event times: At;_; =t;_; —t;_j_1forj=1t05
e Binary flag indicating whether each previous event is critical: f;_; = 1 if
ei_j is in Eyyp, otherwise f;_; =0
o Usage aggregates: mean, standard deviation, max, and recency-weighted usage
17: Construct lag feature vector L;
18: end for
19: Step 4: Dataset Assembly
20: for each critical event e; € Eiop do
21: Combine enriched event record r; and lag features L; into feature vector xz;
22: end for
23: Encode categorical variables and standardize numeric ones
24: Assemble feature matrix X = [z1,Z2,...,Tn]
25: return (X, Yevent)

TABLE III: Structure of the feature matrix X for subsequent
critical QC event prediction.

Category Type Description
Target Variable
Event label Categorical ~ Encoded next critical event

Lagged Event Features (Past 5 Events)

Event lag 1-5 Categorical ~ Event type of the i-th previous event (all events)
Critical flag (lag 1-5) Binary 1 if i-th previous event was critical

Usage lag 1-5 Numeric Crane usage metric at i-th previous event
Duration lag 1-5 Numeric Event duration of i-th previous event

Inter-event time lag 1-5  Numeric Time elapsed since previous events

Aggregated Lag Features

Usage mean/std/max Numeric Statistical aggregates of usage over last 5 events
Recency-weighted usage ~ Numeric Exponentially decayed average with oo = 0.6
Operational Context

Crane ID Categorical ~ Unique crane identifier (OneHot encoded)

Ship ID Categorical ~ Vessel being serviced during event

Weather and Environmental Conditions

Wind speed Numeric Wind speed at event time (m/s)

Humidity Numeric Min/Mean/Max wind relative humidity (%)
Temperature Numeric Min/Mean/Max temperature (°C)

Rainfall Numeric Min/Mean/Max rainfall (mm/h)

C. eXtreme Gradient Boosting (XGBoost)

Gradient boosting builds an ensemble of decision trees in a
stage-wise manner, where each successive tree aims to correct
the residual errors of the preceding ensemble [22]. Among
gradient boosting methods, eXtreme Gradient Boosting (XG-
Boost) has emerged as one of the most efficient and accu-
rate implementations, achieving state-of-the-art results across
numerous classification and regression benchmarks, including
top rankings in Kaggle competitions [23]].

XGBoost distinguishes itself from traditional gradient
boosting machines through several innovations, including
built-in regularization, optimized handling of sparse data, and
support for parallel and distributed computation, all of which
contribute to its scalability and robustness [22]], [24]. In this
study, we thus adopt XGBoost due to its strong predictive
performance, flexibility, and proven generalizability across
diverse datasets.

D. Prediction framework

To realistically capture both the type and timing of the next
critical error event, we formulate two multi-class classification
problems. The first task is to predict the next critical event,
denoted as é;4 1, by classifying it among the 20 most disruptive
error types identified by the terminal operator. This prediction
is based on prior lag events, historical QC usage, past weather
conditions, and current terminal and environmental context.

Once the next event €, is classified as one of the critical
events in Ey,p, it serves as input for the second task: predicting
its time of occurrence. This is formulated as a multi-class
classification problem with four time intervals: 0-15, 15-30,
30-60, and 60+ minutes. If the predicted time interval exceeds
60 minutes, we assume that proactive maintenance is feasible.
In such cases, we apply an XGBoost regressor to estimate
the exact time of occurrence, enabling data-driven decisions
regarding the extent of preventive maintenance actions prior
to the event. The full procedure is presented in Algorithm

Algorithm 2 Three-Step Prediction Framework

Require: Historical crane monitoring data D with events, timestamps, and features

Ensure: Predicted next event type é;41 and time ft+1

1: Preprocess D (see Algorithm :

: Train classifier Ceqent for next-event type

: Predict €441 = Cevent(T¢)

: Train classifier Cy;me for time-to-next-event bins:
{0-15, 15-30, 30-60, 60+ minutes}

5: Predict ét+1 = Ctimﬁ(zt, ét+1)

6: if ¢;41 = 60+ minutes then

7. Train regressor Rgo+ on long-horizon samples

3 N

9

BN

Predict continuous time t;41 = Rgo+ (T, €14+1)
. else
10: Set £;41 to bin midpoint
11: end if
12: return (é¢41,te41)

E. Performance evaluation and feature explainability

To evaluate model performance, the dataset was split into
training and testing subsets using stratified sampling to pre-
serve the distribution of error types. An 80/20 split was
applied, and a fixed random seed ensured reproducibility. The
classification tasks were assessed using confusion matrices



and accuracy scores, which measure the proportion of correct
predictions out of the total. For the regression task, the
coefficient of determination (R2) was used to evaluate how
well the model explains the variance in the target variable.
To identify the most influential features driving the prediction
of the next error event type, we employed SHapley Additive
exPlanations (SHAP) [25], a game-theoretic approach that
assigns an importance value to each feature for a given
prediction, enhancing model interpretability.

IV. RESULTS

The results of the first classification task, predicting the next
critical error event among 20 candidate classes, are presented
in Figure [ The confusion matrix shows that XGBoost cor-
rectly classifies the majority of events, particularly those with
sufficient sample sizes. However, events with fewer training
samples tend to be misclassified, which is expected in imbal-
anced multi-class settings. Despite this, the model achieves an
overall accuracy of 0.83, which is relatively high for a 20-class
classification problem, indicating that the classifier effectively
learns from the available data.

Confusion Matrix: Next Event Classification
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Fig. 4: Confusion matrix for subsequent error event classifi-
cation. Accuracy = 0.83.

To better understand the model’s decision-making process,
Figure [5] presents the top features driving the classification,
as identified using SHapley Additive exPlanations (SHAP).
Among all candidate features, the most influential is the
previous error event, particularly the one occurring directly
before the current prediction (lag 1 feature). Temporal features
such as the time difference between recent errors and the
accumulated error count over the past 6 and 24 hours also
contribute significantly to the model’s decisions. Additionally,
weather conditions, especially temperature, wind speed, and
humidity, exhibit a notable impact on the occurrence of
subsequent error events. Lastly, operational metrics such as the

Top 15 Features by Mean |SHAP| Across All Classes
Lag 1 (All Events)
Temperature
At Lag Min
Lag 2 (All Events)
Avg Wind Speed
Lag 1 Was Top Event
Humidity

Errors Last 24H -

Feature

Lag 4 (All Events) 4
Lag 5 (All Events)
Errors Last 6H

Crane Usage

At Lag Max

Max Wind Speed
Day

0.0 0.1 0.2 0.3 0.4 0.5
Mean |SHAP| Value

Fig. 5: Overview of the top 15 most influential features based
on SHAP values across all classes in Figure ﬁ

number of QC moves are also associated with the predicted
error type.

The second classification task focuses on predicting the time
interval until the next critical event. The results, shown in
Figure [6] indicate that the model performs well in identifying
events that occur either immediately (0—15 minutes) or after
a longer delay (60+ minutes). These two classes appear to be
more distinguishable based on the input features. However,
intermediate time intervals (15-30 and 30-60 minutes) are
more challenging to classify accurately, likely due to the lower
number of training samples. The overall accuracy across the
four time classes is 0.71, suggesting that the model captures
temporal patterns reasonably well, although further refinement
may be needed for mid-range predictions.

Confusion Matrix: Time-to-Next-Event
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Fig. 6: Confusion matrix for time interval classification of the
predicted critical event. Accuracy = 0.71.



To enable more precise temporal predictions, an XGBoost
regressor was trained using events classified to occur after 60
minutes in stage two. Figure [7] shows correctly classified sam-
ples in blue and classifier false positives in red. This unified
visualization illustrates both the regression’s accuracy and the
amplification of classification errors, showing that, although
the model generally performs well, substantial deviations are
evident, especially for samples misclassified in stage two. This
is reflected in the low R2 value of -0.02. Figure [§] reveals
that most prediction errors fall within a few hours and that
most misclassifications are caused by stage two false positives.
Consequently, the model exhibits a slight tendency to detect
upcoming events with a delay.
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Fig. 7: Prediction of time-to-event for delayed errors (>60
minutes).
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V. DISCUSSION

Ports are pivotal nodes in global supply chain and trans-
portation networks. Despite increasing port digitalization,
much of the available data remains underutilized, highlighting

the need for more ML-based, data-driven decision-making
approaches [[15]. One of the most essential pieces of port
equipment is the QC, whose uninterrupted operation is vital
for the entire port operation chain [4]]. However, QCs are still
underexploited in terms of data analytics, even as computeri-
zation continues to advance.

This study introduces a three-stage predictive framework
that leverages two years of QC monitoring data, enriched with
operational and weather data for additional context, to forecast
subsequent critical error types and their timing. These tasks
are formulated as two multi-class classification problems and
one regression problem for predicting the exact time of more
distant errors. The proposed model achieves an accuracy of
83% for predicting the next error type and 71% for estimating
the time interval until its occurrence. However, predicting
the exact time of distant errors remains challenging. These
results mark a promising step toward reducing QC downtime
and enhancing the resilience of port operations. Nonetheless,
several limitations and challenges remain.

First, the model assumes that the three QCs operate inde-
pendently, considering only error events and warnings from
the same crane. In practice, however, the downtime of one
crane can indirectly affect others due to increased operational
loads, which may reduce available maintenance windows.
Additionally, QCs operating on the same vessel must maintain
safe working distances, and interlock systems can restrict
the movement of nearby cranes, potentially influencing error
patterns.

Second, in accordance with the terminal operator, we re-
stricted the warnings and error events captured by the QC
monitoring systems to those that occurred during ship servic-
ing. This ensures that warnings and error events caused by
maintenance actions or testing of critical functions, includ-
ing emergency event triggers, are not captured. However, in
practice, some events may be caused by post-stress in QC
components due to heavy loads or severe weather conditions
outside of usage. Currently, these events are not captured in
the data and are therefore not included in our analysis.

Third, the model assumes that weather conditions and crane
usage metrics (e.g., moves per hour) are consistently observed
and available at the time of prediction. These features are
included as inputs to the model. However, in real-world sce-
narios, such data may not always be fully known or accurately
forecasted, which could lead to slightly optimistic performance
estimates.

Currently, SHAP values are averaged across all 20 error
event classes to identify the most influential features over-
all. While this approach provides useful insights, conducting
SHAP-based explainability analyses separately for each error
class could offer a more granular understanding of feature
importance. Additional visualizations, such as beeswarm plots,
could illustrate how individual features contribute to pre-
dictions in terms of magnitude and direction. Furthermore,
examining local explanations, such as feature interactions,
partial dependence plots, and instance-level SHAP values,
could provide deeper insights into model behavior.



Given that the data in the current aggregation and feature
engineering process is tabular and consists of both numeric and
categorical input features, making it highly heterogeneous, we
used XGBoost. XGBoost also facilitates deeper model and
feature insights because feature contribution can be decom-
posed and visualized. However, future research could benefit
from incorporating more temporal dynamics. Models such as
recurrent neural networks (RNNs) or long short-term memory
networks (LSTMs) may better capture sequential patterns,
especially if time-dependent relationships play a critical role
in error prediction.

VI. CONCLUSION

This study introduces a three-stage machine learning frame-
work for predicting subsequent critical error types and their
timing in QC operations. Using two years of QC monitoring
data enriched with operational and weather information, the
model addresses two multi-class classification tasks and one
regression problem for error events predicted to occur with a
delay (>60 minutes). It achieves 83% accuracy in predicting
the next error type and 71% accuracy in estimating the
time interval until its occurrence, while exact predictions for
delayed errors remain challenging. SHAP-based explainability
is applied to identify key features influencing predictions,
highlighting the importance of recent error history, weather
conditions, and operational load.

The findings offer actionable insights for terminal operators
aiming to reduce QC downtime and improve operational
resilience. By anticipating error types and their timing, main-
tenance planning can be optimized and proactive interventions
scheduled. The integration of contextual data, such as weather
and operational metrics, into predictive models underscores
the value of data-driven decision-making. Furthermore, ex-
plainable AI techniques like SHAP enhance transparency,
supporting trust and adoption in real-world port environments.

This study assumes independent operation of QCs and ex-
cludes maintenance-related events and those occurring outside
ship servicing, which may overlook interdependencies and
stress-induced errors. Additionally, the reliance on consistently
available weather and operational data may lead to optimistic
predictions. Future research should incorporate crane inter-
actions, consider events and conditions beyond active crane
usage, and apply time-series modeling techniques such as
LSTMs to better capture sequential patterns. Finally, event-
specific SHAP analyses could yield deeper insights into the
drivers of individual error types.
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