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1. Introduction

Various potential applications of Artificial Intelligence (Al) have been identified within the shipping
sector. Examples of these are related to four main groups that define the smart shipping industry:
1) smart ports, 2) autonomous vessels, 3) on-board technologies, and 4) professional services
technologies (London Economics et al., 2021). Among such investigation areas, smart
maintenance, which relies on the on-board technologies group, has been identified as a potential
area of development due to the promising associated benefits (e.g., efficient, and economical
maintenance, safety and security of the personnel enhancements, and asset optimisation)
(Department for Transport, 2019). Strategies are regularly employed to assess ship condition,
and thus maintain safety (Shah et al., 2021). It is unsurprising, therefore, that a significant
increase in the formalisation of novel data-driven methodologies has been perceived concerning
the smart maintenance domain. Applications in fault detection (Cheliotis et al., 2020; Lazakis et
al., 2019; Brandseeter et al., 2019), fault identification (Velasco-Gallego and Lazakis, 2022d; Yu
et al., 2022), and Remaining Useful Life (RUL) prediction (Han et al., 2021a; Gribbestad et al.,

2021; Tang et al., 2020) are just examples.

However, while an undeniable progression is taking place in the shipping industry in terms of
smart maintenance studies, certain areas of investigation that are of preeminent importance for
its adequate implementation remain unexplored. An example of this is the application of data pre-
processing. By implementing data pre-processing, certain challenges that the shipping industry
is currently experiencing are expected to be addressed. These refer to both unreliable outcomes
that may be caused by either missing or anomalous instances (Izonin et al., 2019; Balakrishnan
and Sangaiah, 2018) and to the identification of operational states (Dalheim and Steen, 2020a).
Such challenges need to be adequately addressed to avert under-utilisation of data, and

computational inefficiency, whilst ensuring data quality and integrity.

Of all possible data pre-processing steps (e.g., data cleansing, data transformation, data

enrichment, and data validation), this study mainly focuses on three main data cleansing stages:
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1) data imputation, 2) operational state identification, and 3) outlier detection. This selection has
been determined based on the criticality of these stages when dealing with marine systems
sensor data and the lack of analysis of each one within the sector. Data imputation aims to provide
a complete dataset from incomplete data for inference (Jamshidian and Mata, 2007). Examples
of data imputation methods are mean imputation (Velasco-Gallego and Lazakis, 2020); Forward
Fill and Backward Fill (Makridis et al., 2020), and k-Nearest Neighbors (k-NN) (Cheliotis et al.,
2019). Operational state identification aims to detect any fluctuation that may occur due to, for
instance, environmental conditions or variations in the operating condition and discard any
instance that does not refer to an operational state (Velasco-Gallego and Lazakis, 2022a;
Theotokatos et al., 2020). Examples of studies that implemented machine learning methods for
operational state identification, such as are k-means and Gaussian Mixture Models (GMM) with
Expectation-Maximization (EM) algorithm, are those by Velasco-Gallego and Lazakis (2021a) and
Perera and Mo (2016). Lastly, outlier detection aims to identify a group of instances that differ
from other data points within a dataset (Hemmati-Sarapardeh et al., 2020). Examples of outlier
detection methods are Density-Based Spatial Clustering of Applications with Noise (DBSCAN)

(Cheliotis et al. 2021) and the mean + 3 standard deviation approach (Makridis et al., 2020).

Accordingly, a data pre-processing tool is proposed to contribute towards implementing more
sophisticated methods for addressing the challenges currently experienced within the shipping
sector when dealing with marine systems sensor data. This tool consists of three distinct modules,
each corresponding to the previously described data pre-processing stages: data imputation,

outlier detection, and operational state identification.

The remaining paragraphs are structured as follows. Section 2 presents the literature review of
studies in which either data imputation, operational state identification, or outlier detection have
been applied within the shipping sector. An introduction to other data pre-processing steps is also
presented. Section 3 introduces an overview of the data pre-processing tool and its main modules.

Section 4 presents an example of the application of the tool as a means for assessing the
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performance of the solution and its utility. Finally, the conclusions and future work are outlined in

section 5.

2. Related work

Despite the importance of data pre-processing for smart maintenance, only two papers presented
a holistic data pre-processing framework within the shipping sector to the best of the author’s
knowledge. Dalheim and Steen (2020b) introduced a data pre-processing framework comprised
of five phases: 1) feature selection, 2) time vector jumps and synchronisation, 3) outlier detection,
4) data validation, and 5) data extraction. Masmoudi et al. (2021) conducted a comparative study
to analyse the effect of widely applied methods utilised for data cleansing, data normalisation,
and data reduction. Examples of these methods are the mean imputation, EM algorithm, min-max
normalisation, and Principal Component Analysis (PCA). Additionally, several studies have also
highlighted the importance of applying data pre-processing when developing machine learning
models. For instance, Jabary et al. (2023) introduced a data pre-processing pipeline comprising
three main phases: filtering, outlier detection, and data imputation. Thus, even though certain
efforts have been made to enhance the current practices regarding data imputation, outlier
detection, and operational state identification, research in this area remains limited. For instance,
there is no evidence that either Dalheim and Steen (2020b) or Masmoudi et al. (2021) introduced
a pipeline to address the challenges of data imputation and identification of operational state
based on the characteristics of the data. For this reason, the main aim of this study is to

comprehensively address these three data pre-processing stages to advance in this field.

Some other studies that introduced novel data-driven methodologies also introduced some
analysis of data pre-processing methodologies about data imputation (Kim et al., 2022; Velasco-
Gallego and Lazakis, 2021a, Velasco-Gallego and Lazakis, 2020; Cheliotis et al., 2019),
operational state identification (Velasco-Gallego and Lazakis, 2022a; Dalheim and Steen, 2020a;

Perera and Mo, 2016), and outlier detection (Makridis et al., 2020; Cheliots et al., 2020).
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Figure 1 aims to introduce the most common data pre-processing steps and methods
implemented within the maritime industry for smart maintenance. Of all data pre-processing steps
identified in the analysed studies related to the implementation of data-driven methodologies for
the implementation of predictive maintenance of marine systems, data normalisation has been
identified as the most widely used data pre-processing technique. Its implementation relies on the
characteristics of the dataset, as features usually present a distinct range of values, and thus they
may unequally influence the model if data are not adequately transformed. Another data pre-
processing step is data segmentation, which aims to section the entire dataset into sequences.
The Time Sliding Window Algorithm (TSWA) is usually implemented to perform data
segmentation in time series data. Data augmentation implements strategies for enlarging and
enhancing the dimensions of the dataset (Maharana et al., 2022). Data smoothing reduces noise
and enhances correction uncertainty (Surti, 2016). ISO ambient conditions correction step aims

to correct the data to account for the environmental influences (Cheliotis et al., 2022).

With regards to the analysis and treatment of high-dimensional data, feature selection, feature
extraction, and dimensionality reduction are usually considered. Feature selection removes
irrelevant and redundant data from the analysis in an attempt to reduce computational time,
enhance learning accuracy, and facilitate the understanding of both the learning model and data
(Cai et al., 2018). Feature extraction aims to define a set of features that represent the information
required for analysis, and thus avert including in the analysis other additional or unwanted
information (Torres-Garcia et al., 2022). Dimensionality reduction is the process of reducing the

number of dimensions of features presented in the dataset (El Bouchefry & de Souza, 2020).
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Figure 1. Common data pre-processing steps and methods within the maritime industry for smart

maintenance.

The data pre-processing steps that are going to be further analysed within this study are data
imputation, operational state identification, and outlier detection. These are comprehensively

described hereunder.

2.1. Data imputation

Data imputation is conducted to provide a complete dataset for inference, and thus fill in any
missing data detected in the dataset (Jamshidian and Mata, 2007). With regards to data
imputation, even though a certain effort has been perceived, the selection and implementation of
such techniques have usually been neither justified nor analysed. Furthermore, the validation
datasets presented in the case studies have often been simulated, and thus they lack missing
values. Moreover, only four novel approaches have been identified within the sector. Cheliotis et

al. (2019) presented a hybrid imputation method comprised of k-NN and Multiple Imputation by
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Chained Equations (MICE). Velasco-Gallego and Lazakis (2020) introduced a comparative
methodology that examined a total of 20 widely implemented machine learning and time series
forecasting algorithms. Velasco-Gallego and Lazakis (2021a) developed a hybrid framework
comprised of three main phases: 1) steady states identification through the application of the k-
means algorithm, 2) univariate imputation through the implementation of the first-order Markov
chain, and 3) multivariate imputation through the analysis of 16 machine learning and time series
forecasting models. Kim et al. (2022) introduced a method for estimating missing values in ship
principal data based on regression model-based combination and correction using domain

knowledge.

2.2. Identification of operational states

There is a need for identifying operational states due to the characteristics of the data. Raw data
usually contain non-operational states that can alter the results outlined when performing data-
driven tasks (Velasco-Gallego and Lazakis, 2022a). Furthermore, as marine engines typically run
under steady-state conditions, fluctuations may occur due to environmental conditions or
variations in the operating condition (Theodoropoulos et al., 2022). For the identification of
operational states, a unique approach has been identified that presents such a stage within the
data pre-processing phase. Specifically, the DBSCAN algorithm was implemented (Cheliotis et
al., 2020). Concerning novel methodologies, only three distinct methods have been identified.
Perera and Mo (2016) introduced GMMs with EM and PCA to both analyse and classify frequent
operating regions of marine engines. Dalheim and Steen (2020a) presented a steady state
identification method by assuming that the underlying system behaviour can be modelled by a
deterministic linear trend model. Velasco-Gallego and Lazakis (2021a) analysed the k-means

algorithm to determine its potential in identifying operational states.

2.3. Outlier detection

Finally, outlier detection is introduced. Outlier detection aims to detect a potential group of

instances that differ from another group of data (Hemmati-Sarapardeh et al., 2020). When dealing
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with sensor data of marine machinery, outliers usually relate to 1) variable loads, control variables,
and external factors, 2) extreme operating environment, 3) extreme weather conditions, 4)
communication errors, 5) sensor failures, etc. (Kang et al., 2023). The application of this pre-
processing step usually relies on simple outlier detection techniques (e.g., mean "+" 3 standard

deviations) or their implementation is barely detailed.

Based on the previous statements, the main contributions of this paper in tandem with the main

identified gaps are defined:

e Development of a data imputation module for the shipping sector. It has been
perceived that data imputation techniques have not been extensively analysed within the
industry. However, current datasets present between 4.4% and 26% missing values
(Cheliotis et al., 2019). Thus, a combination of data imputation frameworks that can be
integrated into a module for both comparison and imputation purposes is required.

e Development of an identification of operational states module for the shipping
sector. It is a fact that current datasets contain non-operational states that need to be
adequately identified and discarded. Furthermore, fluctuations between operational
states also occur, which also need to be adequately determined. Various methods have
been proposed for such a matter, although none of them is integrated into a module
where their performance can be compared.

¢ Development of an outlier detection module for the shipping sector. It has been
observed that the methods implemented for such a matter either rely on simple methods
or lack detail. To address this, a module within the data pre-processing tool is presented
to provide the analyst with additional elements that can be used for addressing this data
pre-processing stage.

e Development of a tool to integrate the three previous modules. A holistic tool to
include all the developed modules is needed to ensure the iterative process of data pre-

processing.
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3. The data pre-processing tool

A graphical representation of the main four modules of the data pre-processing tool is presented
in Figure 2. As previously stated, this tool is comprised of three main modules: data imputation,
outlier detection and operational state identification. An additional module, which is the
Exploratory Data Analysis (EDA) module, is included to provide relevant information about the

parameters being analysed. Such modules are described in the following subsections.

Exploratory Data Outlier Operational
DEIEWENETS Imputation Detection State
(EDA) Identification

Descriptive Statistics Univariate Imputation Satistical methods Clustering techniques
Graphical representations Multivariate Imputation Machine learning methods Time series imaging

Figure 2. Modules of the data pre-processing tool.

3.1. Exploratory Data Analysis

For a better understanding of the data being utilised, exploratory data analysis is introduced. This
module is comprised of two components, which are parameter information and Exploratory Data
Analysis (EDA). The parameter information module aims to provide a relevant understanding of
the context and parameters subject to analysis. Accordingly, information such as the system,
subsystem, components, and parameters analysed are provided. The provision of this information
may vary depending on data accessibility. Moreover, graphical representations can also be
applied to complement the analysis. The time series plot is probably the most common graphical
representation to monitor the parameters. Therefore, this module aims to provide sufficient
metadata about the sensors, parameters, and components being monitored to ensure an
adequate understanding. Examples include parameter ID, name, measurement units, sampling

rate, and sensor type.
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The second component relates to the EDA module, which provides the descriptive statistics of
the data. Furthermore, graphical representations in the form of scatter plots and histograms are
provided to identify potential outliers and operational states. Correlation analysis is also

performed if the analysis is multivariate.

3.2. Data imputation

As current datasets present missing values, data imputation needs to be performed to address
them accordingly. Data imputation can be either univariate or multivariate. Univariate data
imputation aims to complete the missing values of a feature by only considering such a feature.
Conversely, multivariate data imputation aims to complete the missing values of a feature by
considering other features that are correlated with the incomplete feature. This data imputation
module encompasses a total of 8 univariate data imputation models and 15 multivariate data
imputation models. Such models have been already analysed and validated in prior studies for
imputing missing values of marine systems. Thus, please consult the original research presented
in Velasco-Gallego and Lazakis (2020), Velasco-Gallego and Lazakis (2021a), Velasco-Gallego
and Lazakis (2021b), and Velasco-Gallego and Lazakis (2022c). A brief description of the

methods presented in this module is presented hereunder.

The selection of these models has been made based on the analysis performed by Hyndman and

Athanasopoulos (2020), Kotu and Deshpande (2019), and Kuhn and Johnson (2016).

3.2.1. Univariate data imputation

A total of eight univariate data imputation techniques are included in the data imputation module

(please see Table 1).

The first method, mean imputation, is one of the simplest forecasting methods that imputes the

missing values by determining the mean of the sample. Forward and Backward Fill is another

11
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simple forecasting method that aims to impute the missing value by considering the subsequent
and previous value of the missing instance. Linear interpolation imputes the missing values by
defining a line between a known preceding and a known subsequent instance. The STL method
decomposes the time series into three main components: 1) trend, 2) seasonal, and 3) residual
patterns. The missing values are imputed by considering an additive decomposition and
forecasting of these three-time series components. The exponential smoothing method aims to
impute the missing values based on the weighted averages method. By applying this method, the
most recent observations present the greatest values whilst observations addressed further back
decrease exponentially in weight. The first-order Markov chain model assumes that each
subsequent state hinges only on the preceding state. Thus, the missing value is imputed by
considering a cumulative probability transition matrix, which has been determined by considering
a transition matrix that presents all the possible transition probabilities of the process. An
Autoregressive Integrated Moving Average (ARIMA) model is a combination of both an
autoregression and a moving average model. In an autoregression model, the imputation is
performed by applying a linear combination of previous instances. Analogously, a moving average
model performs the imputation by considering a linear combination of previously predicted errors.
In addition, differencing may be required if the time series is not stationary. GA-ARIMA is a
variation of the ARIMA model where a Genetic Algorithm is employed to estimate its coefficients.
For further information about the introduced univariate data imputation methods please refer to

Velasco-Gallego and Lazakis (2020) and Velasco-Gallego and Lazakis (2021b).

Table 1. Univariate data imputation methods.

Univariate data imputation method

Mean

Forward and Backward Fill

Linear Interpolation

Seasonal and Trend Decomposition using Loss (STL Decomposition)
Exponential Smoothing

First-order Markov Chain

Autoregressive Integrated Moving Average (ARIMA)

GA-ARIMA

12



Development of a data pre-processing tool for marine systems sensor data

3.2.2. Multivariate data imputation

A total of fifteen multivariate data imputation techniques are included in the data imputation

module (please see Table 2).

Partial Least Squares (PLS) regression explores linear combinations between the explanatory
features, also referred to as components. Such components aim to summarise the variation of
the features at maximum and ensure the maximum correlation with the response feature. Thus,
PLS is usually considered to address collinearity between explanatory features. This collinearity
can also be tackled with biased models, as these add a penalty to regularise the parameter
estimates to the sum of the squared error. Ridge regression considers the addition of a second-
order penalty on the parameter estimates, whereas the Least Absolute Shrinkage and Selection
Operator (LASSO) model adds a first-order penalty instead. An extended version of Ridge and
LASSO regression models is the ElasticNet regression technique, which combines the two

preceding penalties.

k-NN imputes the missing values by considering the k-closest records from the set. Support
Vector Regressors (SVRs) are comprised of only those data points, the residuals of which present
an absolute difference greater than a given threshold. The function of the model is characterised
by the application of either the linear or the Radial Basis Function (RBF) kernels. The Multi-Layer
Perceptron (MLP) is comprised of a total of three types of layers. The first type is the input layer,
and it represents the input features. The second type is the hidden layer, which aims to transform
the values presented in the previous layer by applying a weighted linear summation followed by
a non-linear activation function. In this study, the MLP regressors are modelled with 1, 2, and 3
hidden layers. The final layer type is the output layer, which aims to receive the output values of

the last hidden layer and transform them into output values.

Vector Autoregression (VAR) is a time series forecasting model, which is a generalisation of the

univariate autoregressive model. The VAR model considers bi-directional relationships between

13



Development of a data pre-processing tool for marine systems sensor data

features. Decision Tree Regressors (DTRs) aim to partition the feature space into subspaces in
an iterative manner. The tree starts with the root node, which is constituted by the first partition.
This partition splits the data into disjoint sets, which in turn are divided into smaller partitions. This
process is performed iteratively until the optimal number of partitions is achieved. The Bootstrap
Aggregation Tree, which is also referred to as Bagged Tree, is a type of ensemble method.
Bagged Trees implement Bootstrapping in tandem with a regression model. Hence, it generates
m samples, which are obtained by applying Bootstrapping from the original dataset. Random
Forest is another type of ensemble model that adds randomness into the learning process to
reduce correlation among predictors. AdaBoost is a type of boosting method. AdaBoost applies

weight adjustment procedures established by the errors of the ongoing predictions.

Variational Autoencoder (VAEs) are a type of Deep Learning (DL) method. Specifically, it is an
autoencoder that learns the parameters of a probability distribution. To address the temporal
dependencies of the time series, the implementation of Long Short-Term Memory (LSTM) is
introduced in both the encoder and the decoder. LSTM is a type of recurrent neural network. This

novel approach is comprehensively described in Velasco-Gallego and Lazakis (2022c).

The hybrid approach was first presented by Velasco-Gallego and Lazakis (2021a). This hybrid
approach is comprised of three phases: 1) steady state identification through the implementation
of the k-means, 2) univariate data imputation through the implementation of the first-order Markov
chain, and 3) multivariate imputation through the performance of a comparative methodology.
Analogously, the comparative approach was first introduced by Velasco-Gallego and Lazakis
(2020). This comparative methodology aims to encompass both the univariate and multivariate
data imputation methods to automatically detect the best data imputation method to apply based

on the characteristics of the dataset.
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Table 2. Multivariate data imputation methods.

Multivariate data imputation method
PLS Regression

Ridge Regression

LASSO Regression

ElasticNet Regression

k-Nearest Neighbors

SVR with linear and RBF kernel
Multilayer Perceptron Neural Network
Vector Autoregression

Decision Tree Regression

Bagged Tree

Random Forest

AdaBoost

LSTM VAE-based Regression

Hybrid

Comparative

3.3. Outlier detection

A total of three methods are introduced in the outlier detection module of the tool (please see

Table 3).

Table 3. Outlier detection methods.

Outlier detection method

Mean * 3 Standard Deviation (STD)

Exponentially Weighted Moving Average (EWMA)
Long Short-Term Variational Autoencoder (LSTM-VAE)

The mean = 3 Standard Deviation (STD) is a simple outlier detection method. As the name
suggests, instances with values beyond mean + 3 STD are detected as outliers and thus they are
either replaced or discarded. The Exponentially Weighted Moving Average (EWMA), analogous
to the exponential smoothing method previously introduced, is designed so that the most recent
observations carry the greatest weight, while older observations decrease exponentially in
influence. After applying EWMA to obtain a smoothed time series, outliers are identified by
comparing the values to the upper and lower prediction bounds; instances falling outside these
bounds are considered outliers. Finally, the Long Short-Term Variational Autoencoder (LSTM-
VAE) method introduced by Velasco-Gallego and Lazakis (2022b) is presented. This is a

variational autoencoder where LSTM has been introduced in both the encoder and decoder.
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3.4. Operational state identification

A total of three methods are introduced in the operational state identification module of the tool

(please see Table 4).

Table 4. Operational state identification methods.

Operational state identification method
k-means

GMM with EM

Time Series Imaging

k-means is a clustering technique that splits the time series into k clusters by minimising the
within-cluster sum of squares. GMM with EM is a probabilistic model that considers that data are
generated from a mixture of a finite number of Gaussian distributions with unknown parameters.
Accordingly, EM is employed for fitting the models, and the Bayesian information Criterion is
utilised to assess the number of components. Lastly, the time series imaging approach presented
in Velasco-Gallego and Lazakis (2022a) is considered. This approach is comprised of two steps:
1) image generation through the estimation of the transition matrix based on the application of the

first-order Markov chain, and 2) image component analysis.

To develop this pre-processing tool, the Python libraries TensorFlow, Keras, statsmodels, and
scikit-learn have been utilised. Moreover, the Streamlit framework has been employed for front-
end web development. Streamlit is a Python-based open-source framework that enables rapid
development of interactive web applications. In terms of design, its simplicity allows clarity of use
and ease of navigation. Furthermore, this framework provides responsiveness and error

tolerance.
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4. Application of the data pre-processing tool

To provide an overall view of the preliminary version of this pre-processing tool, an example of
application in a real-world case study is introduced in this section. Consequently, a case study on
the power parameter of a main propulsion engine of a cargo vessel is employed. This is a
camshaft controlled two-stroke engine, which utilises super long stroke to bore ratio, and is
constituted by a total of 6 cylinders with 50 cm diameter pistons (MAN and Turbo, 2010). The first
module of this tool aims to provide an overall description of the parameter being analysed. A
graphical representation of this module is presented in Figure 3. As observed, the parameter
being analysed refers to the main engine power of a cargo vessel. The time series presents more
than 2000 instances collected in a 1-minute frequency. Concerning the steady states, a total of
four states can be identified. Furthermore, to evaluate the implementation of both the data
imputation and outlier detection modules, missing values have been generated according to the
missingness mechanism Missing Completely at Random (MCAR) and outliers have been injected

by generating random spike anomalies (Please see time series plot in Figure 3).

Parameter information

Id: POO0OL Power parameter
System: Main engine

Parameter: Power

Unit: kW ||” .

M b A i

Figure 3. Parameter information module for the main engine power parameter (kW).
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Subsequently, the Exploratory Data Analysis (EDA) module is introduced (please see Figure 4).
This module contains the descriptive statistics, and both the scatter plot and the histogram of the
analysed time series. As indicated previously, the total number of instances is more than 2000.
The minimum and maximum values are 4155.19 and 6752.41 kW, respectively. With regards to
the scatter plot of the time series, it can be observed a total of three main operating regions. The
first operating region refers to the first and fourth steady states. The second and third operating
region relates to the second and third steady states, respectively. These operating regions are
also perceived in the histogram plot. Considering that only one parameter is being analysed,

correlation analysis is not performed.

Exploratory data analysis

Statistics:

1,231 4,635.04 576.72 4,155.19 4,285.28 4,331.62 5,196.89 6,752.41

Power histogram: Power scatter plot:

coumt

Figure 4. Exploratory Data Analysis (EDA) module of the main engine power parameter (kW).
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The next module relates to the data imputation module (please see Figure 5). Before imputation,
a statement whether data imputation is required or not is presented. For this case, the statement
indicates that missing values have been detected, and thus data imputation is required. Such a
statement is presented due to the percentage of missing values, which is higher than 0%.
Specifically, the percentage of missing values is 39.21%, and the criticality has been set to
medium (low [% missing values < 5%]; medium [5% <= % missing values < 50%]; high [% missing
values >= 50%]). In addition, a plot that indicates the location of the missing values is presented.
If this is analysed, it can be perceived that the missing values are located throughout the entire

time series. Moreover, no large gaps of missing values have been identified.

Data Imputation

Missing values detected. Data imputation is required.

1000 1500

Missing value ratio: 35.85%

Criticality: medium

Location of missing values:

500

Time (minutes)

Select imputation method

Figure 5. Data imputation module before imputation of the main engine power parameter.
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Since there are no predictors available, only univariate imputation can be performed. Even though

the selection of the model relies on the user of the tool, for this case study, a comparative study

has been performed. The main results of this comparative study are introduced in Figure 6. The

models that performed the best in this instance were Exponential Smoothing (Root Mean Squared

Error (RMSE) of 115.74 kW), ARIMA (RMSE of 115.95 kW), and GA-ARIMA (RMSE of 117.01

kW). The models that performed the least were mean imputation (RMSE of 538.67 kW), which

actually distorts the distribution of the variable, STL decomposition (RMSE of 123.61 kW), and

backward fill (RMSE of 168.84 kW).
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Figure 6. Comparison between observed values of the main engine power parameter and imputed values

by implementing eight univariate data imputation models.

For this study, the ARIMA Imputation method is presented as an example (please see Figure 7).

Once the missing values have been imputed, a time series plot of both the original time series

and the i

mputed time series is presented.
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Figure 7. Data imputation module after imputation with ARIMA method of the main engine power

parameter (kW).

The following module refers to the outlier detection module (please see Figure 8). Analogous to
the data imputation module, due to the lack of predictors the LSTM-VAE model cannot be
implemented. For this study, the EWMA is analysed. The plot shows the imputed series, the
smoothed time series, the upper and lower prediction bounds, and the outliers. An instance is
considered as an outlier when its value is either higher or lower than the prediction bounds. 2.58%

of the instances in the dataset were considered outliers.
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Figure 8. Outlier detection module of the main engine power parameter (kW).

The subsequent module refers to the operational state identification module (please see Figure

9). For this study, the k-means method is considered. For this instance, the value of k has been
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set to 3, as it can be observed a total of three operating regions. Results after implementing
clustering analysis are graphically represented in Figure 9. For this case study, it can be observed

that k-means clustered well the different operating regions to be identified.

Operational state identification

Select 051 method

| k—means| v

*  Cluster0
Cluster 1

Cluster 2

Figure 9. Operational states identification module the main engine power parameter (kW).

To finalise, a summary of the implemented data pre-processing steps is introduced in the last
module (please see Figure 10). The summary indicates that a total of 35.9% of instances have
been imputed and a total of 2.29% of outliers have been detected and replaced. Concerning the

operational states, a total of 3 clusters were be identified.
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Summary

Imputation method: ARIMA
Outlier detection method: EWMA

Operational state identification method: k-means

Ratio of missing values Ratio of outliers

Mon-missing values 17 Non-outliers

B Missing values B outliers

64.1%

97.7%

Number of operational states: 3

Figure 10. Summary module of the main engine power parameter.

Even though the tool demonstrated its capability to pre-process marine machinery sensor data
adequately, there are certain limitations that cannot be diminished. The main limitations of the

current version of the tool are the following:

e The framework utilised to deploy the tool is not optimal for high-traffic production
environments. Furthermore, concurrency is limited by how the app is deployed.

e The user interface components available are limited; therefore, customisations may be
required when adding new functionalities.

e The selection of the models to implement, as well as the different hyperparameters, need
to be selected by the user. Further analysis needs to be performed to automate this task.
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e There may be integration incompatibilities with certain datasets if they do not follow the

structure required by the tool.

5. Conclusions

Although significant advancements have been perceived concerning smart maintenance within
the maritime domain, there is still a lack of analysis and formalisation of data pre-processing
frameworks. To make accessible data pre-processing processes to facilitate both the analysis
and formalisation of them, a data pre-processing tool is proposed. This tool is currently mainly
comprised of three main stages: 1) data imputation, 2) outlier detection, and 3) operational state
identification. Despite this tool is under development, its potential has started to be visible, as
perceived in the application section of this study. This tool aims to provide the required solutions
to the shipping industry to ensure data quality for successful artificial intelligence implementations.
However, there is still a long distance to go before this data pre-processing tool is finalised. The
addition of all the initial features included in this paper, the test of the tool in a production

environment, and dealing with imputation uncertainty are just examples of future work.
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