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Abstract: Deep learning is crucial in marine logistics and container crane error detection, diagnosis,
and prediction. A novel deep learning technique using Long Short-Term Memory (LSTM) detected
and anticipated errors in a system with imbalanced data. The LSTM model was trained on real
operational error data from container cranes. The custom algorithm employs the Synthetic Minority
Oversampling TEchnique (SMOTE) to balance the imbalanced data for operational data errors (i.e.,
too few minority class samples). Python was used to program. Pearson, Spearman, and Kendall
correlation matrices and covariance matrices are presented. The model’s training and validation loss
is shown, and the remaining data are predicted. The test set (30% of actual data) and forecasted data
had RMSEs of 0.065. A heatmap of a confusion matrix was created using Matplotlib and Seaborn.
Additionally, the error outputs for the time series for the next n seconds were projected, with the
n seconds input by the user. Accuracy was 0.996, precision was 1.00, recall was 0.500, and f1 score
was 0.667, according to the evaluation criteria that were produced. Experiments demonstrated that
the technique is capable of identifying critical elements. Thus, future attempts will improve the
model’s structure to forecast industrial big data errors. However, the advantage is that it can handle
imbalanced data, which is usually what most industries have. With additional data, the model can be
further improved.

Keywords: predictive analytics; deep learning; data analytics; time series Boolean data; error
detection; deep neural networks; Recurrent Neural Networks (RNNs); Long Short-Term
Memory (LSTM) networks; Synthetic Minority Oversampling TEchnique (SMOTE); container cranes;
maritime industry

1. Introduction
1.1. Background

The container shipping market is a USD 116.04 billion market in 2024 and is expected
to grow to a size of USD 134.03 Billion by 2029 [1]. As the global trade volume escalates,
the imperatives for heightened productivity and operational efficacy within port facilities
intensify concomitantly. Alongside these demands, ensuring the safety and reliability of
container crane operations remain paramount [2]. Container cranes play a pivotal role in
modern maritime logistics, facilitating the efficient movement of goods between ships and
shores in container terminals worldwide [3]. The towering gantry cranes are indispensable
in loading and unloading containers from ships and moving them within the terminal yard.

Container cranes, which operate along the quayside, use complex technology such
as spreader beams to transfer containers between ships and terminals, contributing to
overall port efficiency. This operation entails precisely arranging the crane to match
with various bays on the ship, allowing access to containers located along the vessel’s
length. Furthermore, in addition to vessel operations, container cranes may be used
to stack containers within the terminal yard, allowing for interim storage or onward
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transportation [4]. The cranes generate enormous amounts of data that can be analysed,
and valuable insights can be obtained for efficient, better, and faster decision-making
by industries.

Recently, growing research has focused on data-driven fault diagnostic methods,
particularly those based on neural networks. This is due to advancements in sensor
technology and increased data storage capacity, which have enhanced the data processing
capabilities of neural network-based methods. Failure to identify process flaws can have
detrimental effects on productivity, safety, quality of output, and economy of the process.
Efficient and advanced automated diagnostic equipment is crucial in modern enterprises
to detect, diagnose, and repair abnormal process behaviours. The primary goal of fault
detection and isolation is to promptly alert operators to potential issues, enabling them to
take necessary measures to avert system failure following the occurrence of problems [5].

Timely error detection and prediction are crucial in optimising crane performance and
ensuring safety within container crane operations.

The importance of timely error detection can be understood through several
vital perspectives:

1. Optimisation of Productivity and Efficiency: Timely error detection and prevention
optimise crane performance and operational efficiency. By identifying and addressing
errors promptly, operators can minimise the impact on productivity and throughput,
ensuring that cranes operate at maximum capacity and efficiency [6]. This can be
achieved by predicting errors early so that they do not turn into faults and result in
failures. This performance optimisation contributes to container terminal operations’
overall productivity and profitability.

2. Prevention of Operational Disruptions: Timely error detection allows for the early
identification of potential issues or malfunctions in crane operations [7]. By promptly
identifying errors, operators can take corrective actions to prevent operational dis-
ruptions, such as crane breakdowns or delays in cargo handling. This proactive
approach helps to maintain the smooth flow of operations within container terminals,
minimising downtime and ensuring the efficient utilisation of resources [8].

3. Enhancement of Safety Protocols: Early detection of errors enables operators to imple-
ment safety protocols and procedures to mitigate risks and hazards associated with
crane operations. By promptly addressing errors, operators can prevent accidents,
injuries, and damage to cargo or infrastructure, safeguarding personnel’s well-being
and preserving the integrity of terminal facilities [9].

4. Reduction of Maintenance Costs: Detecting, diagnosing, and predicting errors early
can help reduce maintenance costs associated with crane operations. By identifying
potential errors before the said errors escalate into significant failures, operators can
implement preventive and prescriptive maintenance measures to address underly-
ing issues and prolong the lifespan of equipment [10]. This proactive maintenance
approach helps to minimise downtime, repair costs, and operational disruptions,
ultimately leading to cost savings for terminal operators [11].

5. Compliance with Regulatory Standards: Timely error detection ensures compliance
with regulatory standards and industry regulations governing crane operations. By
promptly identifying and addressing errors, operators can maintain adherence to
safety guidelines and operational protocols mandated by regulatory authorities. This
compliance not only ensures the safety of personnel and assets but also helps to avoid
potential fines and legal liabilities associated with non-compliance [12,13].

In summary, timely error identification and prediction are essential in optimising crane
performance, ensuring safety in container crane operations, and benefiting stakeholders
across the maritime supply chain.

1.2. Research Objectives, Motivation, and Contributions

One critical aspect of safeguarding safety, efficiency, and reliability in container termi-
nal operations is detecting and mitigating errors that may occur during crane operations.
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Errors in quay container crane operations can have significant implications, ranging from
potential damage to cargo and infrastructure to disruptions in supply chain logistics. More-
over, human error, equipment malfunction, and environmental contingencies contribute
to the complexity of error detection and pose challenges to ensuring uninterrupted opera-
tions [14]. System failures can be prevented by identifying and anticipating errors, resulting
in a more robust and durable system. Error prediction in container crane operations in-
volves using data analysis, machine learning, and deep learning methodologies to predict
prospective errors or anomalies that may occur during the operation of container cranes [6].

This research aims to develop proactive strategies for error detection and prediction by
harnessing the power of deep learning, data analytics, and predictive modelling, thereby
enhancing container terminal operations’ safety, efficiency, and reliability. Addressing
this problem requires a comprehensive understanding of container terminals’ operational
dynamics and the application of advanced AI technologies and methodologies for error
detection, diagnosis, and prediction [15].

By analysing diverse data sources, including crane sensor data, past operation logs,
weather conditions, and other pertinent aspects, predictive models can be created to foresee
and minimise problems in advance. Implementing this proactive strategy enhances safety,
effectiveness, and overall efficiency in container terminal operations.

Research findings in this domain have significant implications for the maritime in-
dustry, port authorities, terminal operators, and other stakeholders involved in container
terminal operations. The objective is to enhance operational safety, minimise downtime,
optimise resource utilisation, and improve overall terminal performance by effectively
detecting and mitigating errors in operational data. The scope of this paper lies in exploring
how deep learning can enhance error detection, prediction, and time series analysis in
container crane operations, which is currently a critical need in the maritime industry and
will help to enhance operational efficiency and safety.

The potential of this research extends beyond container cranes to other industries with
imbalanced data challenges—where rare events or anomalies occur can benefit significantly.
Other industrial sectors can significantly benefit from this research, such as manufacturing,
in identifying equipment failures or defects early in production lines; the energy sector,
in predicting anomalies in power generation or distribution systems; and transportation,
in detecting irregularities in vehicle performance or safety systems. Additionally, organi-
sations can target interventions and preventive measures by identifying critical elements
associated with errors.

For instance:
Maintenance: Prioritise maintenance schedules for components most likely to

cause errors;
Process Optimisation: Adjust operational procedures based on error patterns;
Resource Allocation: To minimise disruptions, allocate resources (personnel,

materials) strategically.
This research is motivated by the urgency of improving error recognition and pre-

diction in container cranes in the multibillion-dollar container shipping industry, which
is the backbone of the current worldwide economy. Traditional rule-based techniques
frequently fail because they cannot manage complicated, dynamic settings and uneven
data distributions. Deep learning, particularly LSTM networks, provides a viable solution
to these shortcomings. By capturing temporal connections and learning from previous data,
LSTMs can model complex patterns and increase accuracy.

1.3. Deep Learning Overview

Deep learning is a branch of artificial intelligence (AI) that involves training computer
systems to perform tasks such as recognising patterns, making decisions, and solving
problems without being explicitly programmed to do so. It uses algorithms known as
neural networks, which are inspired by the structure and function of the human brain [16].
Data-driven machine health monitoring is becoming increasingly prevalent in modern
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production systems because low-cost sensors are widely deployed and connected to the
internet. Deep learning offers valuable methods for processing and evaluating large-scale
operational data [17]. Deep learning enables computers to recognise patterns, classify
information, and make highly accurate predictions by learning from large amounts of data.
Deep learning employs neural networks that consist of numerous layers, known as deep
architectures, to acquire knowledge from input and generate predictions. This technology
has applications in various fields, including image and speech recognition, natural language
processing, autonomous vehicles and, in this case, the manufacturing industry.

Several key factors make the utilisation of deep learning paramount in error detection,
diagnosis, and prediction in various industries, including quay container crane operations:

1. Deep learning algorithms, such as convolutional neural networks (CNNs) and recur-
rent neural networks (RNNs), have demonstrated exceptional capability in handling
complex and high-dimensional data [18]. In container crane operations, where data
streams from various sensors, control systems, and operational logs are abundant and
diverse, deep learning models can effectively process these data to identify subtle
patterns and anomalies indicative of errors.

2. Deep learning models excel in capturing temporal dependencies and dynamic re-
lationships within sequential data [19]. In container crane operations, where crane
movements, cargo handling processes, and environmental conditions evolve, deep
learning algorithms can analyse historical data to predict future states, enabling proac-
tive error detection and prevention [20].

3. The scalability and adaptability of deep learning models make them well-suited
for real-time and offline monitoring and decision-making in dynamic operational
environments. By continuously learning from new data and adapting to changing
conditions, deep learning-based error detection systems can enhance operational
safety, optimise resource utilisation, and mitigate potential risks in container crane
operations [21,22].

Overall, the importance of utilising deep learning for error detection, diagnosis, and
prediction in container crane operations lies in its ability to harness the power of advanced
data analytics to enhance operational safety, efficiency, and resilience in maritime logistics.
As technology advances, leveraging deep learning algorithms will become increasingly
indispensable for ensuring container terminals’ seamless and secure operation in the global
supply chain ecosystem.

By leveraging advanced deep learning techniques, the research aims to address the
inherent complexities of error detection and prediction in container crane operations,
where operational data are represented as discrete Boolean values over time. The proposed
algorithm seeks to effectively capture temporal dependencies and subtle patterns within
Boolean time series data, enabling accurate anticipation of potential errors before occurrence
during crane operations. Through empirical validation and performance assessment, this
paper endeavours to demonstrate the effectiveness and applicability of the proposed
deep learning algorithm in enhancing operational safety, efficiency, and reliability within
container terminal management.

1.4. Workflow

Subsequent sections of the workflow analysis will thoroughly examine the existing
state-of-the-art by exploring the myriad facets of error detection in container crane opera-
tions. Furthermore, methodological approaches employed in addressing this challenge will
be scrutinised alongside empirical findings gleaned from relevant studies. This comprehen-
sive analysis will elucidate a nuanced understanding of error prediction within the context
of container crane operations, shedding light on its implications and potential avenues for
advancement within academic and research discourse.

The following section will inform about the methodology and data used in this re-
search. It presents a novel, custom-built, Python-based algorithm that integrates SMOTE
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and LSTM techniques to address imbalanced data through custom preprocessing, analysis,
and incorporation of evaluation metrics. The workflow structure is shown in Figure 1 below:
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2. State-of-the-Art Review

As highlighted earlier, ensuring the safety and reliability of crane operations is of the
utmost importance. Time series data from such heavy machinery operations pose unique
challenges due to their large size and complex patterns. Promptly identifying operational
errors can reduce accidents and downtime [23]. Machine learning and deep learning
models have emerged as powerful tools for detecting anomalies in such data. Extensive
literature exists on fault and failure detection in ML [24]. However, very little is available
on error detection and prediction. It is crucial to detect and predict an error because an
error is a precursor to faults and failure. Figure 2 below illustrates this correlation between
error, defect, and failure.

A machine’s operational error signal detection refers to the process of identifying
abnormal or unexpected signals in a machine’s operation. These signals can indicate the
system’s or machine’s problems, malfunctions, or deviations from normal behaviour. This
research used actual on-board and off-board STS crane databases from ports and cranes,
such as warranty, alarms, and operational data where error signals generated by the crane
PLC were available.

The significance of using deep learning for error detection in container crane operations
lies in its ability to effectively capture complex patterns, temporal dependencies, and
nonlinear relationships inherent in operational data. The vital points highlighting its
significance are as follows:
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1. Complexity of Operational Data: Container crane operations generate vast amounts of
data, including sensor readings, crane movements, cargo handling, and environmental
conditions. Deep learning algorithms, such as RNNs and CNNs, excel at processing
high-dimensional and sequential data [18], making them well-suited to analysing the
intricate dynamics of crane operations.

2. Temporal Dependencies: Crane operations exhibit temporal dependencies, where
actions and events at one time step influence subsequent states and outcomes. RNNs,
particularly LSTM networks, are designed to capture and learn from temporal depen-
dencies in sequential data, enabling accurate modelling of the temporal evolution of
crane operations and the detection of abnormal patterns or deviations [26,27].

3. Feature Learning: Deep learning models can automatically learn relevant features
from raw data, eliminating the need for manual feature engineering. In the context
of error detection in container crane operations, deep learning algorithms can extract
informative features from sensor data, crane trajectories, and operational logs, enabling
more effective detection of anomalies and deviations indicative of errors.

4. Adaptability to Complex Environments: container crane operations are subject to
various environmental factors, such as wind, weather conditions, and sea states,
which can influence crane performance and introduce uncertainties [28,29]. Deep
learning models, with their capacity to learn from diverse and noisy data sources,
exhibit robustness and adaptability to complex operating environments, enhancing
the reliability and accuracy of error detection systems [22].

5. Scalability and Generalisation: Deep learning algorithms are inherently scalable and
can handle large volumes of data, making them suitable for analysing the extensive
datasets generated by container terminal operations. Moreover, deep learning models
can generalise unseen data well, enabling effective error detection across different
terminal configurations, crane types, and operating conditions [30].

6. Continuous Learning and Improvement: Deep learning models support continuous
learning and improvement through iterative training on new data. As additional
operational data become available, deep learning-based error detection systems can
be updated and refined to adapt to evolving operational conditions, improving their
effectiveness over time [16,31].

Several methods have been proposed for error detection in STS container crane op-
erations. The authors of [32] introduced a new method for detecting crane rails’ wear,
significantly improving accuracy, while [33] identified and assessed human errors among
tower crane operators, focusing on the importance of monitoring the anti-collision system.
The authors of [34] addressed the issue of detecting physical impacts to the corners of
shipping containers during handling operations using the impacts detection methodology.
It used the impacts detection methodology to detect recurrent quay crane impacts on
the same container locations during hooking. These contemporaneous hits suggest false
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hooking, which could cause severe metal deformations over short durations. The study
highlights the necessity of shipping container damage detection for port safety and effi-
ciency. In [35], the authors developed a high-speed colour-based object detection algorithm
for quayside crane operator assistance systems, significantly increasing the detection rate
while maintaining high accuracy. These studies collectively highlight the importance of
continuous improvement in error detection methods to enhance safety and efficiency in STS
container crane operations. Several studies have demonstrated the efficacy of deep learning
for error prediction in container crane operations. Timely error detection is essential in
optimising crane performance and guaranteeing safety. Unnoticed errors or problems
can compromise production and safety by causing inefficiencies, equipment damage, and
possible accidents [36].

Human error is a significant contributing factor in accidents during mobile crane oper-
ations. Effective crane control and precise positioning depend on pre-established speeds for
each direction, determined according to the crane system’s specifications. Detecting prob-
lems in speed, acceleration, or deceleration promptly can enhance performance and avoid
overloading or crashes. Developing intelligent assistance systems that detect real-time
errors can enhance crane operation safety by reducing the likelihood of human errors [37].
Proficient expertise is necessary for the safe operation of overhead cranes and to minimise
the occurrence of equipment malfunctions. Nevertheless, the lack of skilled operators has
been a worry recently. Early identification of errors, such as problems with rope tension or
differences in load weight, can aid in the prevention of accidents and equipment damage,
thereby enhancing safety without only depending on the operator’s skills [38].

Ensuring prompt identification of errors is essential in successfully implementing
efficient automated crane trajectories and providing a user-friendly interface that assists
operators in choosing and executing movements. Timely identification of errors in tra-
jectory planning or execution can enhance performance and prevent accidents [36]. The
manual planning process currently employed for crane lift path planning is arduous and
error-prone, primarily due to construction sites’ dynamic and congested conditions. Imple-
menting automated systems capable of real-time error or collision detection can enhance
operational efficiency and precision [39].

The research on error prediction in STS container crane operations is diverse, covering
various aspects of crane operations. The authors of [40] focused on the fatigue damage
analysis of ageing steel structures, a critical factor in error prediction. The authors of [41]
identified specific risk factors in stevedoring operations, which can inform error prediction
strategies. In [42], the authors addressed the need for robust control systems in offshore
container cranes, which can help mitigate errors. The authors of [43] highlighted the impor-
tance of structural health monitoring in error prediction, providing a potential method for
early detection. Finally, [44] identified a decrease in the mean time between failures due
to heavy operations, increased maintenance incidents, and man-hours. Key performance
indicators were developed to assess ship-to-shore crane performance and provide insights
for future improvements in container crane equipment operation. The findings suggest that
the performance indicators can guide future inspections and improvements in container
crane operations.

Promising progress is being made in using deep learning for fault identification and
prediction in time series data. To tackle problems like noisy labelling, ensemble methods for
fault identification [45], and innovative models like GRU-enhanced DCNN for better fault
diagnosis in chemical processes [46], several strategies have been put forth. Furthermore,
deep learning models for anomaly identification in spacecraft telemetry channels have been
investigated, highlighting the necessity of automated methods for effectively monitoring
system anomalies [47]. These studies demonstrate how deep learning methods, such as
recurrent units and convolutional neural networks, can improve fault detection efficiency,
generalisability, and accuracy in various industrial areas.

Deep learning has shown remarkable capabilities in analysing complex data patterns
and making predictions. Deep neural networks (DNNs) excel in learning representations
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from large-scale data, enabling them to detect subtle signals indicative of impending errors
in crane operations. Techniques such as RNNs and CNNs have been adapted to model
sequential and spatial dependencies in crane sensor data, operation logs, and environmental
factors. Key deep learning architectures that may be used for the Boolean time series data
from the STS container cranes include the following [18,48–50]:

• Recurrent Neural Networks (RNNs): RNNs are adept at handling sequential data, ren-
dering them suitable for time-series analysis. RNNs can effectively capture temporal
dependencies in crane operation data [51].

• Long Short-Term Memory (LSTM): LSTM networks, a variant of RNNs, are designed
to address the vanishing gradient problem. LSTMs are particularly adept at modelling
long-term dependencies and have been successfully utilised to predict crane behaviour.

• Gated Recurrent Unit (GRU): GRUs are another RNN variant that maintains memory
while being computationally efficient. GRUs have shown promise in predicting input
force values for crane control.

RNNs are a robust machine learning technique that excels at handling sequential
data, such as time series and natural language processing. RNNs contain a feedback
loop that allows them to learn complicated correlations in input sequences and exploit
these structures in a nonlinear fashion [52]. RNNs have been extensively employed in
diverse domains, such as sentiment analysis, energy demand forecasting, and monthly flow
prediction [53]. An essential benefit of RNNs is their capability to handle input sequences
of varying lengths and produce output sequences of varying lengths. These characteristics
make them suitable for tasks such as language modelling, machine translation, and speech
recognition [51]. Deep neural networks, which are capable of learning even more intricate
representations of the input data, can be created by stacking RNNs [54].

More sophisticated RNN architectures, such as LSTMs and GRUs, have been created to
solve the problem of long-term dependencies, which can be problematic for regular RNNs.
These designs better capture long-term dependencies in the input data by employing gating
techniques to retain and forget information selectively.

In the available literature, the methodologies used for Boolean time series error or
fault detection, diagnosis, and prediction in manufacturing industries based on machine
learning can be seen in Table 1 below, and deep learning can be seen in Table 2 below,
as follows:

Table 1. Machine learning methodologies.

Methodology Description Reference

Fault Detection and Diagnosis (FDD) These methodologies detect emerging irregularities and
predict their consequences for the system’s behaviour. [55]

Data-Driven Fault Diagnosis
This approach uses machine learning algorithms for

mechanical fault detection or fault prognosis in
manufacturing equipment.

[24]

An array of ML, DL, and
DHL Algorithms

These algorithms can potentially perform early fault
detection that would lead to future machine failure. [56]

Automated Machine Learning Approach This approach is used for real-time fault detection and
diagnosis in discrete manufacturing machines. [57]

Container cranes are crucial in container terminals and are fundamental to the global
economy because most of the world’s goods pass through them. However, their automation
level is lower than those of yard cranes and automated guided vehicles (AGVs) [21]. Various
methodologies have been explored here, but the gap lies in further refining and expanding
the application of deep learning techniques to address specific challenges in error detection,
diagnosis, and prediction in quay container crane data analytics. This would ultimately
improve safety, efficiency, and automation in port operations. The essential part is early
failure diagnosis, which comes with the initial error identification and prediction step. The
proposed methodology aims to do just that.
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Table 2. Deep Learning Methodologies.

Methodology Description Reference

Deep Learning for Time Series
Anomaly Detection

This approach uses specialised deep learning models for
detecting anomalous patterns in time series data. [58]

Deep Generative Models

Variational autoencoder reconstruction along the projection
pathway (VAE-RaPP) and a fence generative adversarial

network (Fence GAN) are used to deal with imbalanced time
series data obtained from manufacturing applications.

[59]

Deep Metric Learning Model This model considers imbalanced fault data and a quadruplet
data pair design manner. [60]

ATT-1D CNN-GRU Model This model combines a one-dimensional CNN, GRU, attention
mechanism, and KG (knowledge graph) for fault diagnosis. [61]

Deep-Learning-Based Adaptive
Fault Prediction

This approach integrates a comprehensive convolutional
feature extraction module, a customised gating module, and a

multi-layered progressive extraction module.
[62]

3. Methodology

The dataset used here for deep learning model training and evaluation included the
actual data from container cranes at container terminals. It was in a proprietary format
and could not be read directly. It was converted into a readable format using Python
programming. It consisted of the operational data from the PLC, sensors, and other
calculations. The extracted error data were Boolean, meaning the output was 0 or 1.

Software systems are used to diagnose and keep PLC data for 30 days, after which
it is discarded. It is a vital tool for crane operations and daily performance evaluation. It
provides a dependable data source in time series, raw data directly from the sensors, and
their calculations. It detects and locates periodic errors within the crane. It creates approxi-
mately 680 to 730 monthly files, storing data per hour. It holds about 23,000 PLC variables
in an average crane but can go much higher in a few cranes (e.g., 31,521 PLC variables in
STS CC2124). That is 518.4 billion samples per month (20,000 data at 100 ms). The data
features were selected (in this case, errors and some other identifier signals), and data from
those variables were converted into CSV files in Excel using Python code. The error data
contained roughly 3000 variables. Only two columns were non-Boolean, including the last
for timestamps/time series (of improper format). There were approximately 3000 columns
and more than 16,100,000 (16 million) rows.

The operational dataset analysis assessed eight cranes from different ports; finally,
analysing three cranes in detail revealed that most had 2852–2878 error signals. However,
only 3 to 6 signals were turning on, showing that an actual error occurred on cranes. This
indicated the rarity of error events and the scarcity of relevant data to be analysed further,
which posed a significant challenge in the project.

A custom code in Python was developed to extract the data from the proletariat data ac-
quired from the cranes. The resultant Excel files were then used for further data processing.

The custom-built algorithm was developed using SMOTE and LSTM algorithms
in Python programming, alongside customised preprocessing procedures, addressing
imbalanced data and integrating evaluation metrics.

Data Pre-processing: Customised preprocessing was employed to extract Boolean data.
Initially, the unprocessed data, which consisted of time series and sensor readings, were
loaded. Ensuring data quality was paramount so that any missing values and outliers were
addressed. Subsequently, Boolean features, which consisted of binary flags or true/false
values, were extracted.

Addressing Imbalanced Data: In the case of an imbalanced dataset, when one class is
considerably underrepresented, SMOTE can be employed. This method produces artificial
samples for the underrepresented category by creating new instances through interpolating
existing data points. The objective is to achieve a balanced class distribution, guaranteeing
equitable representation of both classes. Next, the initial dataset is merged with the
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artificially generated samples. Subsequently, the dataset is divided into separate subsets for
training and validation purposes. The data were split in the ratio 7:3 for testing the model,
with 70% being the training data and the remaining 30% being the testing data. These data
were reshaped into a three-dimensional format, with the dimensions being the samples,
time steps, and features.

Constructing the LSTM model: Developing the LSTM structure was crucial. An
LSTM neural network is built using input layers representing sequential data, LSTM layers
capturing temporal dependencies, and an output layer conducting binary classification.
The model was compiled by selecting a loss function, such as binary cross-entropy, an
optimiser, such as Adam, and an evaluation metric, such as accuracy. The model had a
batch size of 50 and was trained for 40 epochs, consisting of 2 LSTM layers and one dense
layer for the final output. A seed value was provided at the start, which helped generate
reproducible results for the model so that randomly different results were not generated
each time the model ran. Once the model was trained, its performance was assessed on the
validation set, and any adjustments to the hyperparameters were made, if necessary.

Model Evaluation: The model was evaluated using a range of metrics, such as accuracy,
precision, recall, and F1-score. The confusion matrix offers a comprehensive breakdown of
predictions, including true positives, true negatives, false positives, and false negatives. The
evaluation metrics analysed the model’s behaviour and made any required modifications.
The custom-built algorithm flowchart is shown below in Figure 3.
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4. Results

This section represents the experimental results of applying the proposed deep learn-
ing algorithm to the error detection and prediction task.

4.1. Evaluation Metrics

Evaluation metrics are quantitative measures used to assess the performance of a
model or algorithm, particularly in machine learning, statistics, and data analysis. These
metrics help determine how well a model is performing and guide improvements and
optimisations. The variables shown as var_xxxx in the following metrics represent specific
error signals generated from container cranes.

4.1.1. Covariance

Covariance is a consistently additive relationship across the two data samples. This
relationship can be summarised between two variables, called the covariance. It is cal-
culated as the average of the product between the values from each sample, where the
values have been centred (had their mean subtracted) [63]. Covariance does not imply
causation—it only measures the statistical relationship. Understanding covariance can help
identify patterns and dependencies when analysing data. A covariance matrix represents
the relationships between pairs of variables in a dataset. It quantifies the extent to which
two variables vary together.

Cov (X,Y) = (sum(x − mean(X)) × (y − mean(Y))) × 1/(n − 1) (1)

In this heatmap, each cell corresponds to the covariance between two variables. The
diagonal cells (top left to bottom right) represent the covariance of a variable with itself.
These values are always positive. The off-diagonal cells (top right and bottom left) represent
the covariance between different variables. These values can be positive or negative. The
heatmap uses colour intensity to represent covariance values. Dark red indicates a strong
positive covariance (close to 1), meaning the variables tend to increase or decrease together.
Dark blue indicates a negative covariance (close to −1), suggesting an inverse relationship.
Lighter shades represent a weaker correlation (closer to 0).

The heatmap above in Figure 4 shows the x-axis and y-axis labels correspond to
specific variables (e.g., ‘var_2663’ and ‘var_831’) var_2663 represents .tINTF_General_
Visu.tLaneProtection.tCover3.tMotor4.tMotor.tPT100.tAlarm.bStatus and var_831—.tINTF_
General_Visu.tLaneProtection.tCover1.tMotor4.tCB.tSignalWithError.tError.bHasError.
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The top left quadrant has a dark red shade, indicating a robust positive covariance
(around 0.25) between var_2663 and itself. The bottom right quadrant also shows a
solid positive covariance for var_831. The light blue off-diagonal quadrants suggest a
weak inverse relationship (around −0.02) between var_2663 and var_831, indicating that
motor 4 has a positive covariance with the temperature sensor error in the motor four
control block.

4.1.2. Correlation Matrix

The correlation matrix is a frequently used multivariate technique for determining
strongly connected variables. This aspect of the project focused on correlating all the
variables in the error signals and some operational signals considered dependent variables,
such as CraneOn, CraneOff, and twist-lock locked. Error variables with only one unique
value, 0, were removed because homogenous variables contain only one unique value
and do not contribute additional information to the model. The correlation between the
variables was analysed and visualised to give more insight into the data. Correlation was
employed to determine the relationship between variables. It can be positive, indicating
that both variables move in the same direction, or negative, indicating that when one
variable’s value increases, the values of the other variables decrease. Correlation can also
be neutral or zero, indicating that the variables have no relationship or are unrelated.

Pearson Correlation

Pearson’s correlation coefficient is computed by dividing the covariance of two vari-
ables by the product of their standard deviations. It is the normalisation of the covariance
between the two continuous variables to give an interpretable score. It quantifies the degree
to which a change in one variable is associated with a change in another variable [63].

PearsonCorrelation (r) = covariance(X,Y)/(stdv(X)× stdv(Y) (2)

This heatmap shown in Figure 5 above, compares the two variables var_2683, i.e.,
.tINTF_General_Visu.tLaneProtection.tCover3.tMotor4.tMotor.tPT100_Group.tPT100_
2.tError.bHasError and “var_831” i.e., .tINTF_General_Visu.tLaneProtection.tCover1.
tMotor4.tCB.tSignalWithError.tError.bHasError. The heatmap displays the correlation
coefficient between these variables. The diagonal quadrants (where a variable is compared
to itself) show a correlation coefficient 1 (as expected). The off-diagonal quadrants reveal
a weak negative correlation of approximately −0.079. The colour scale ranges from −1 to
1. Dark red represents stronger negative correlations, while dark blue indicates stronger
positive correlations.
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Spearman Correlation

Spearman’s correlation was calculated from each sample’s relative rank of values. This
approach is commonly used in non-parametric statistics, such as statistical methods where
no specific distribution of the data, like the Gaussian distribution, is assumed [64]. This
coefficient measures the strength and direction of the monotonic relationship between two
ranked variables. It is beneficial in identifying and assessing nonlinear relationships and
ordinal data.

SpearmanCorrelation = covariance(rank(X),rank(Y))/std(rank(X)) × std(rank(Y)) (3)

This heatmap shown above in Figure 6, is divided into four quadrants to show the Spearman
correlation coefficient between two variables labelled as var_2683—.tINTF_
General_Visu.tLaneProtection.tCover3.tMotor4.tMotor.tPT100_Group.tPT100_2.tError.bHasError
on the y-axis and var_831—.tINTF_General_Visu.tLaneProtection.tCover1.tMotor4.tCB.
tSignalWithError.tError.bHasError on the x-axis. The two diagonal quadrants show a perfect
positive correlation (a value of 1) for each variable with itself (indicated by the red colour and the
number 1). The off-diagonal quadrants reveal a very low negative correlation of −0.079 between
the two variables (indicated by deep blue).
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Kendall Correlation

The Kendall Tau rank correlation coefficient measures the degree of similarity between
two sets of ranks given to the same set of objects. Unlike Spearman’s coefficient, the Kendall
Tau measures only directional agreement, not rank differences.

KendallCorrelation = (Number of Concordant Pairs − Number of Discordant
pairs)/n(n − 1)/2

(4)

The Kendall correlation heatmap displayed in Figure 7 reaffirms the findings of the
other correlations. It focuses on the same two variables as the other correlation heatmaps,
i.e., var_2683—.tINTF_General_Visu.tLaneProtection.tCover3.tMotor4.tMotor.tPT100_
Group.tPT100_2.tError.bHasError on the y-axis and var_831—.tINTF_General_
Visu.tLaneProtection.tCover1.tMotor4.tCB.tSignalWithError.tError.bHasError on the x-axis.
The top left and bottom right quadrants are dark red, indicating a perfect correlation of
1. This is expected since each variable correlates with itself. The top right and bottom
left quadrants are blue, suggesting a weak negative correlation (approximately −0.079)
between var_2683 and var_831.



Algorithms 2024, 17, 333 14 of 22Algorithms 2024, 17, x FOR PEER REVIEW 15 of 23 
 

 
Figure 7. Kendall correlation. 

4.1.3. Training and Test Loss Function 
In machine learning, the training loss and test loss (or validation loss) are critical 

metrics used to evaluate a model’s performance during the training process. These loss 
functions help measure how well the model performs on the training and unseen data 
(test or validation data). Training loss is the error or discrepancy between the predicted 
and actual outputs on the training dataset. It provides a measure of how well the model 
fits the training data. Test loss (or validation loss) is the error between the predicted and 
actual test or validation dataset outputs. This dataset is not used during training but is 
kept aside to evaluate the model’s performance on unseen data.  

The root mean squared error (RMSE) value is calculated. The square root of the 
mean squared error provides a measure in the same units as the target variable. 

The graph in Figure 8 shows two lines: train (in blue) and test (in orange). The hor-
izontal axis represents the number of epochs, ranging from 0 to 40, while the vertical axis 
represents the loss, ranging from 0.0 to 0.7. Both lines initially show a sharp decline in 
loss during the early epochs, indicating effective learning from the training data. As the 
epochs progress, both lines gradually flatten out, suggesting diminished returns on 
learning and the risk of overfitting if the test loss increases. The train line represents the 
loss of the training data, and the test line represents the loss of unseen test data. Moni-
toring both lines helps assess model performance and generalisation ability and aids in 
diagnosing issues like overfitting, underfitting, and convergence. This graph is academ-
ically relevant in evaluating ML models and is used to optimise training strategies and 
improve model performance. 

 
Figure 8. The training and test loss function. 

Figure 7. Kendall correlation.

4.1.3. Training and Test Loss Function

In machine learning, the training loss and test loss (or validation loss) are critical
metrics used to evaluate a model’s performance during the training process. These loss
functions help measure how well the model performs on the training and unseen data (test
or validation data). Training loss is the error or discrepancy between the predicted and
actual outputs on the training dataset. It provides a measure of how well the model fits the
training data. Test loss (or validation loss) is the error between the predicted and actual test
or validation dataset outputs. This dataset is not used during training but is kept aside to
evaluate the model’s performance on unseen data.

The root mean squared error (RMSE) value is calculated. The square root of the mean
squared error provides a measure in the same units as the target variable.

The graph in Figure 8 shows two lines: train (in blue) and test (in orange). The
horizontal axis represents the number of epochs, ranging from 0 to 40, while the vertical
axis represents the loss, ranging from 0.0 to 0.7. Both lines initially show a sharp decline
in loss during the early epochs, indicating effective learning from the training data. As
the epochs progress, both lines gradually flatten out, suggesting diminished returns on
learning and the risk of overfitting if the test loss increases. The train line represents
the loss of the training data, and the test line represents the loss of unseen test data.
Monitoring both lines helps assess model performance and generalisation ability and
aids in diagnosing issues like overfitting, underfitting, and convergence. This graph is
academically relevant in evaluating ML models and is used to optimise training strategies
and improve model performance.

4.1.4. Confusion Matrix

A confusion matrix is a fundamental tool for evaluating the performance of classifi-
cation models. It provides a comprehensive view of how well a model predicts different
classes. The confusion matrix is based on a binary classification problem with two classes:
0 and 1. These classes could represent various outcomes, such as pass/fail, yes/no, or
true/false. The matrix is organised into four quadrants:

• True Negatives (TN): Instances correctly predicted as class 0. These are desirable
predictions—correctly identifying instances as negative (class 0);

• False Positives (FP): Instances incorrectly predicted as class 1 when they are actually
class 0. These are errors—instances wrongly classified as positive (class 1) when they
are not;

• False Negatives (FN): Instances incorrectly predicted as class 0 when they are actually
class 1. These are also errors—instances wrongly classified as negative when they
are positive;
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• True Positives (TP): Instances correctly predicted as class 1. These are desirable
predictions—correctly identifying instances as positive.

Algorithms 2024, 17, x FOR PEER REVIEW 15 of 23 
 

 
Figure 7. Kendall correlation. 

4.1.3. Training and Test Loss Function 
In machine learning, the training loss and test loss (or validation loss) are critical 

metrics used to evaluate a model’s performance during the training process. These loss 
functions help measure how well the model performs on the training and unseen data 
(test or validation data). Training loss is the error or discrepancy between the predicted 
and actual outputs on the training dataset. It provides a measure of how well the model 
fits the training data. Test loss (or validation loss) is the error between the predicted and 
actual test or validation dataset outputs. This dataset is not used during training but is 
kept aside to evaluate the model’s performance on unseen data.  

The root mean squared error (RMSE) value is calculated. The square root of the 
mean squared error provides a measure in the same units as the target variable. 

The graph in Figure 8 shows two lines: train (in blue) and test (in orange). The hor-
izontal axis represents the number of epochs, ranging from 0 to 40, while the vertical axis 
represents the loss, ranging from 0.0 to 0.7. Both lines initially show a sharp decline in 
loss during the early epochs, indicating effective learning from the training data. As the 
epochs progress, both lines gradually flatten out, suggesting diminished returns on 
learning and the risk of overfitting if the test loss increases. The train line represents the 
loss of the training data, and the test line represents the loss of unseen test data. Moni-
toring both lines helps assess model performance and generalisation ability and aids in 
diagnosing issues like overfitting, underfitting, and convergence. This graph is academ-
ically relevant in evaluating ML models and is used to optimise training strategies and 
improve model performance. 

 
Figure 8. The training and test loss function. Figure 8. The training and test loss function.

The confusion matrix shown in Figure 9 summarises the classification model’s per-
formance. It provides insights into how well the model’s predictions aligned with the
actual outcomes.

1. True Negative (TN): The model correctly predicted negative instances (the actual
outcome was negative). There are 997 true negatives;

2. False Positive (FP): The model incorrectly predicted positive instances (the actual
negative outcome). Here, there are nine false positives;

3. False Negative (FN): The model incorrectly predicted negative instances (the actual
positive outcome). The matrix shows four false negatives;

4. True Positive (TP): The model correctly predicted positive instances (the actual out-
come was positive). In this matrix, there are four true positives.
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4.1.5. Accuracy, Precision, Recall, F1 Score

The accuracy, precision, recall, and F1 score shown in Figure 10 below were also
calculated and printed for the predicted data evaluation metrics. These model performances
were then saved in a text file.
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Accuracy: The number of correct predictions is divided by the total number
of predictions.

Accuracy = (True Positives + True Negatives)/Total Instances (5)

Precision: This measures the accuracy of positive class predictions by determining
how many of them actually belong to the positive class.

Precision = True Positives/(True Positives + False Positives) (6)

Recall (Sensitivity): This calculates the proportion of correct positive predictions out
of all the positive examples in the dataset.

Recall = True Positives/(True Positives + False Negatives) (7)

F1 Score: This provides a single score that balances precision and recall in one number.
It is a harmonic mean of precision and recall.

F1 Score = 2 × ((Precision × Recall)/(Precision + Recall)) (8)

Accuracy: Achieving an accuracy of 0.996 indicates overall solid performance.
Precision: A precision score 1.00 suggests that the model rarely misclassified true

errors as non-errors.
Recall: The recall score 0.500 indicates that the model identified only half of the actual

errors. This trade-off between precision and recall is common in imbalanced datasets.
F1 Score: The F1 score (0.667) balances precision and recall, providing a comprehensive

view of the model’s effectiveness.

4.2. Error Data Time Series Prediction

The final result is the prediction of the following n seconds of data where the user
provides the n seconds as input in the beginning, and the corresponding data are saved in
a CSV file. For this, the next 1 s worth of data is predicted for the next 60 s with the help of
historical data available for analysis. The output from the predicted CSV file for one of the
error variables is shown below in Table 3:

Table 3. Predicted error data.

Timestamp var_831

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0
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Table 3. Cont.

Timestamp var_831

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 1

12/11/2020 20:35 1

12/11/2020 20:35 1

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 0

12/11/2020 20:35 1

12/11/2020 20:35 1

12/11/2020 20:35 1

12/11/2020 20:36 1

12/11/2020 20:36 1

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 1

12/11/2020 20:36 1

12/11/2020 20:36 1

12/11/2020 20:36 1

12/11/2020 20:36 1

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0
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Table 3. Cont.

Timestamp var_831

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

12/11/2020 20:36 0

5. Discussion

Timely error detection and prediction are essential in optimising crane performance.
They are crucial in ensuring safety by preventing accidents, protecting equipment from
damage, and reducing human errors. As a result, these practices enhance productivity and
lower operating expenses.

Understanding predictive analytics’ limitations is critical. First and foremost, progress
is impossible without an extensive and high-quality training dataset. Second, having a
clear description of the concept to be forecasted and past occurrences is critical. One of the
challenges in predictive analytics is identifying a needle in a haystack and predicting its
occurrence. However, there are certain limitations of traditional methods. These limitations
in container crane operations are as follows:

1. Human-Induced Errors: Human operators still play a significant role in quay crane
operations despite automation advancements. Their decisions and actions can lead to
errors, affecting productivity and safety [64].

2. Complex Dynamics: Container cranes operate in a dynamic environment with varying
container weights, wind conditions, and vessel movements. Predicting errors in such
a complex system is challenging [65–67].

3. Efficiency and Downtime: Minimising downtime due to errors is critical. Timely error
prediction can prevent costly delays and optimise crane utilisation [68,69].

4. Imbalanced data: A dataset is called imbalanced when there are substantial disparities
in the number of examples of each class, resulting in one or more classes being
underrepresented in the dataset [70]. This phenomenon has been established in
several real-world datasets gathered in industrial settings.

Therefore, this research developed a novel, custom-built algorithm to address these
limitations and challenges by focusing on detecting and predicting errors before they
convert into faults and failures.

The following points address any challenges and limitations encountered during
the implementation:

1. Because there was a significant time difference between the data array files, the data
array files could not be merged for analysis; instead, analysis was performed on each
data array file separately.
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2. For time series forecasting, the data were scaled down from milliseconds to seconds,
because the data in milliseconds were not continuous, i.e., (1, 2, 3, . . ., 999).

3. There may be a good chance of error as the dataset size was small, so the LSTM model
could not properly and correctly predict new data. By adding more data, this issue
can be resolved.

Despite the promising results, implementing deep learning models for error prediction
in real-world crane operations remains challenging. These include data quality issues, the
interpretability of complex models, and integration with existing systems. Future research
directions may address these challenges through advanced model architectures, data fusion
techniques, and collaborative efforts between academia and industry stakeholders. The
avenues for future research can advance with improved data quality and quantity, which
are currently lagging.

6. Conclusions

Research on container cranes encompasses various aspects related to their design,
operation, and impact on port logistics. However, there is a glaring absence of studies
focusing on early error identification to prevent faults and failures. Timely error prediction
through deep learning algorithms has the potential to revolutionise crane performance and
ensure optimal efficiency within container crane operations.

A custom-built deep learning algorithm based on LSTM was developed, achieving an
accuracy of 99.6% in predicting crane error signals using LSTM and SMOTE for classification
prediction, with a precision of 1.00, recall of 0.500, and an f1 score of 0.667. However, further
data are required to improve the model’s outcomes.

The current data availability is limited to a month with approximately 30,000 variables,
including less than 3000 error variables. The usable data were a small sample set, with
only 3 to 6 error variables that were occasionally activated. The study also provides
other outputs, such as correlation, covariance, and confusion matrices. The experiments
demonstrated the technique’s capability to identify crucial elements, leading to efforts to
enhance the model’s structure for improved error prediction in industrial big data.

While the output model relies on pre-existing data, its ability to handle imbalanced
data, a common issue in most industries, presents a significant advantage. With further
data, the existing model can be enhanced. Continuous data over several months will
provide a more comprehensive error data sample set, contributing to improved outputs.
Once a larger dataset is obtained in future, exploration of other algorithms such as random
forest, naïve Bayes, and XG boost may be used.

Continued research and innovation in this area are essential to fully realising the
benefits of predictive analytics in port operations.
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28. Zrnic, N.; Petković, Z.; Bošnjak, S.M. Automation of ship-to-shore container cranes: A review of state-of-the-art. FME Transactions
2005, 33, 111–121. Available online: https://www.researchgate.net/publication/228936324_Automation_of_ship-to-shore_
container_cranes_A_review_of_state-of-the-art (accessed on 24 March 2024).

29. Tran, Q.H.; Huh, J.; Nguyen, V.B.; Kang, C.; Ahn, J.H.; Park, I.J. Sensitivity analysis for ship-to-shore container crane design. Appl.
Sci. 2018, 8, 1667. [CrossRef]

30. Li, Z. Deep Learning Driven Approaches for Predictive Maintenance A Framework of Intelligent Fault Diagnosis and Prognosis
in the Industry 4.0 Era. Ph.D. Thesis, Norwegian University of Science and Technology, Trondheim, Norway, 2018.

31. Goodfellow, I.; Bengio, Y.; Courville, A. 2015. Available online: http://www.deeplearningbook.org/ (accessed on 15 June 2024).
32. Liu, W.; Xiao, J. A new method of detection the wear of crane rails and its error analysis. J. Mech. Strength 2014, 36, 878–883.

Available online: https://www.researchgate.net/publication/293095272_A_new_method_of_detection_the_wear_of_crane_
rails_and_its_error_analysis (accessed on 19 March 2024).

33. Mohammadfam, I.; Borgheipour, H.; Tehrani, G.; Madadi, S. Identification and assessment of human errors among tower crane
operators using SHERPA and CREAM techniques. J. Health Saf. Work. 2020, 10, 5–8.

34. Jakovlev, S.; Eglynas, T.; Jusis, M.; Voznak, M.; Partila, P.; Tovarek, J. Detecting Physical Impacts to the Corners of Shipping
Containers during Handling Operations Performed by Quay Cranes. J. Mar. Sci. Eng. 2023, 11, 794. [CrossRef]

35. Gao, X.; Yeh, H.G.; Marayong, P. A high-speed color-based object detection algorithm for quayside crane operator assistance
system. In Proceedings of the 11th Annual IEEE International Systems Conference, SysCon 2017—Proceedings, Montreal, QC,
Canada, 24–27 April 2017. [CrossRef]

36. Westerberg, S.; Shiriaev, A. Virtual Environment-Based Teleoperation of Forestry Machines: Designing Future Interaction Methods.
J. Hum.-Robot. Interact. 2013, 2, 84–110. [CrossRef]

37. Ren, W.; Wu, Z.; Zhang, L. Real-time planning of a lifting scheme in mobile crane mounted controllers. Can. J. Civ. Eng. 2016,
43, 542–552. [CrossRef]

38. Watanabe, M.; Momoi, Y.; Odai, M.; Ieshige, K. Simultaneous estimation for rope tension and load of cranes using motor driving
signals. Trans. JSME 2023, 89. [CrossRef]

39. Lei, Z.; Behzadipour, S.; Al-Hussein, M.; Hermann, U. Application of robotic obstacle avoidance in crane lift path planning. In
Proceedings of the 28th ISARC, Seoul, Republic of Korea, 29 June–2 July 2011.
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