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Abstract: The current lack of harmonized standard test conditions for marine shipping hinders the
comparison of performance and compliance assessments for different types of ships. This article puts
forward a method for extracting ship loading cycles using machine learning algorithms. Time-series
data are extracted from real ships in operation, and a segmented linear approximation method
and a data normalization technique are adopted. A hierarchical-clustering type of soft dynamic
time-warping similarity analysis method is presented to efficiently analyze the similarity of different
time-series data, using soft dynamic time warping (Soft-DTW) combined with hierarchical clustering
algorithms from the field of machine learning. The problem of data bias caused by spatial and
temporal offset characteristics is effectively solved in marine test condition data. The validity and
reliability of the proposed method are validated through the analysis of case data. The results
demonstrate that the hierarchically clustered soft dynamic time-warping similarity analysis method
can be considered reliable for obtaining test cases with different characteristics. Furthermore, it
provides input conditions for effectively identifying the operating conditions of different types of
ships with high levels of energy consumption and high emissions, thus allowing for the establishment
of energy-saving and emissions-reducing sailing strategies.

Keywords: time-series data; similarity; hierarchical clustering; loading cycles

1. Introduction

Marine power plays an indispensable role in global maritime trade, logistics, and
transportation [1,2]. For the first time, Michail et al. [3] explored the vital roles of different
types of ships, such as dry bulk carriers and clean oil tankers, in improving economic
indicators through the use of logistics and transportation service cost variables obtained
from real ship operating conditions. However, a lack of standardized test conditions for
ships makes it difficult to reasonably compare the quality characteristics of different types
of ships in terms of improved power, economy, and emissions. On this basis, the focus
of this study is to propose a marine loading cycle method that can effectively extract the
operating conditions of real ships. Targeted marine cycling conditions are expected to
assist in clarifying the performance differences between different ship types, providing a
better understanding of ship performance and leading to ship power system upgrades and
control strategy enhancements.

The shipping industry is affected by various MARPOL-like regulations, forcing the
modernization of ship powertrains, especially diesel-electric hybrids [4,5], gas—electric
hybrids [6,7], and energy storage hybrids [8,9]. The size of marine system components
and the energy density of the power source affect energy efficiency improvements and
power gains during ship operations, and a good management system can balance a ship’s
performance. As such, scholars have mainly focused on the selection, matching, and
development of energy management strategies for hybrid powertrains.
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In terms of ship power matching and selection, Wu et al. [10] proposed a compo-
nent selection method based on multi-exponential evaluation and single-objective particle
swarm optimization (PSO), which was applied to a marine hybrid power system consisting
of a reciprocating gas engine and an energy storage system. The improvements in energy
efficiency and economy after selection were tested using a 40,000 s power demand condi-
tion. The results indicated that fuel consumption and carbon emissions can be reduced
by 17.1% and 14.8%, respectively, and that the proposed method improves the system’s
power performance. Wang et al. [11] established a scalable mathematical model of a diesel
engine/battery/shore power hybrid propulsion system. Meanwhile, a three-objective
collaborative optimization method containing key equipment parameters was designed.
The reliability of the mathematical model and the effectiveness of the optimization method
were verified using the real speed curves of a typical ship, including cruising and agitation
modes. The results showed that the diesel engine, battery, and gear ratio parameters have a
large influence on the performance of the hybrid propulsion system. Li et al. [12] introduced
chaotic thinking and an adaptive crossover operator to improve the selection of parameters
to optimize the capacity of energy storage equipment in electric ships. The method for
optimizing energy storage equipment capacity was verified using the ship’s total electric
load, service load, and propulsion load, as well as other real engine working condition pa-
rameters. Haseltalab et al. [13] introduced solid oxide fuel cells into hybrid power systems
for the first time and proposed a component selection method to determine the optimal
power ratings of the gas engine, battery, and fuel cell with full consideration of the size and
weight parameters of the power source. The results of their research demonstrated that the
matched powertrain improves fuel economy by 21% and reduces CO, emissions by 53% as
compared to a conventional diesel-electric-powered vessel. Chen et al. [14] put forward a
novel energy management strategy incorporating a support vector machine and frequency
control for a marine fuel cell hybrid energy storage system, which mainly focuses on the
hybrid power structure and equipment capacity matching. The feasibility of the strategy
was validated using the load profiles of a 360 s fuel cell vessel in constant and maneuvering
states. The simulation results indicate that the optimal hybrid structure can save 5.4% of
energy consumption while extending the equipment’s lifetime.

Regarding energy management strategy research, Zhang et al. [15] proposed a two-
stage predictive energy management method for a diesel-electric hybrid powertrain.
A loaded power demand of 9000s was used to simulate the economic aspects of the energy
management method, in order to improve its economy, and the results demonstrated that
its performance is close to that obtained through global optimization. Ghimire et al. [16]
presented a novel emissions assessment system for drillships that can be used in marine DC
hybrid power systems. The reliability and validity of the proposed emissions assessment
system was verified using 120 h of drilling power in a system consisting of transit, drilling,
and reaming. Zhao et al. [17] integrated the working characteristics of a tourist ship to
propose an energy allocation strategy based on an improved fuzzy strategy, in which the
main devices contain solar energy, fuel cells, supercapacitors, and batteries. The proposed
energy distribution strategy was validated using 1200 s of load power working conditions
comprising docking and cruising states. The outcomes revealed that the voltage fluctuation
of the battery and fuel cell can be suppressed, and the operating time of the battery can be
extended. Xie et al. [18] presented an efficient and environmentally friendly solution for a
hybrid ferry with a combination of hydrogen fuel cells and batteries and designed a two-tier
energy management system to enhance the economic performance of the vessel. The effec-
tiveness of the energy management system was verified in conjunction with a case study of
the power demand of a 24 h sea cruise, and the fuel savings were shown to reach up to 28%.
Planakis et al. [19,20] developed an energy management strategy considering the trade-off
between fuel consumption and NOx emissions based on model predictive control, and
applied it to a diesel-electric parallel hybrid system. The effectiveness of the management
strategy was verified using the propeller demand speed case, and the experimental results
demonstrated that a trade-off between fuel consumption and NOx emissions could be
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reached, depending on the weights. Xu et al. [21] adopted waste heat recovery to further
enhance the energy efficiency of a marine hybrid powertrain, while developing an energy
management strategy with the objective of minimizing the total energy consumption and
optimizing the engine efficiency. The effectiveness of the proposed scheme was verified
using four driving cycles referenced to the ship’s speed, in order to obtain quantitative
conclusions. The experimental results indicated that the maximum energy savings of the
marine hybrid power system with waste heat recovery reached 13.74%, when compared
to the conventional engine propulsion system. Li et al. [22] designed an adaptive multi-
objective joint optimization algorithm for hybrid energy storage electric propulsion ships
to achieve cost minimization. The feasibility of their optimization algorithm was verified
utilizing the Alsterwasser load demand condition. Kalikatzarakis et al. [23] applied an
equivalent consumption minimization strategy to a hybrid power system for a multi-power
source vessel. Experimental validation of the strategy using seven simulated operating
profiles of a tugboat showed that the proposed strategy saved 6% of fuel in the case of
unknown load demand. Sun et al. [24] came up with a novel layout for a gas—electric
hybrid power system for ships, and proposed a model predictive control strategy with
variable weighting coefficients to trade off between economy and power. The trade-off
characteristics of the proposed energy management strategy were validated on a test rig
using a 600 s test condition.

It can be seen, from the above literature, that different types of hybrid power systems
for selection and matching analysis cannot be separated from the testing and research of
loading cycle conditions. In order to improve the economy, power, and emission of ships
through energy management strategies, different types of ships also need to be analyzed
and verified according to their loading cycle conditions.

The testing conditions of tugboats [25], passenger ships [26], and engineering ves-
sels [27] were obtained from the literature for a more intuitive reflection of the problem,
as shown in Figures 1-3. From these figures, it can be seen that different types of ships
utilize varying test conditions, and that there is no uniform test standard, even for the
same type of ship. For example, passenger ships can include luxury cruise ships, ferries,
and marine amusement rides, where the design and performance requirements can vary
greatly between them. The lack of harmonized international calibration standards and the
use of different test methods by different manufacturers and operators have resulted in
non-comparable test results.
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Figure 1. Tugboat working conditions. (a) Working condition 1; (b) Working condition 2.
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Figure 2. Passenger ship working conditions.

50 T T T T T

[ w IS
S S S
T T T

Ship speed/(kn)

S
.

=

0 100 200 300 400 500 600
Time/s

Figure 3. Engineering vessel working conditions.

Hence, the development of standardized ship performance testing protocols has
emerged as a critical concern within the global shipping industry. These protocols encom-
pass a set of regulations and procedures designed for the evaluation of ship performance,
improvement of fuel efficiency, and reduction of environmental impacts, establishing an
essential framework to achieve more efficient, sustainable, and safe vessel operations. This
section provides an in-depth examination of the current progress in the development of
standardized ship performance testing methods on an international scale, encompassing
the latest advancements made by the International Organization for Standardization (ISO)
and the International Maritime Organization (IMO).

e  The International Organization for Standardization (ISO)

ISO 15016 [28]: ISO 15016, developed by the International Organization for Stan-
dardization (ISO), is an international standard designed for evaluating the propulsion
performance of ships. This standard outlines comprehensive requirements for testing proce-
dures, data processing, and uncertainty assessment, all aimed at ensuring the accuracy and
comparability of the test results. The ongoing updates and improvements to this standard
underscore the international community’s sustained commitment to ship performance
testing methods, forming a robust foundation for continuous advancements within the
shipping industry [29].

ISO 19030 [30]: ISO 19030 is centered on standards for measuring a ship’s displacement,
speed, and fuel consumption. This standard offers guidelines for economically operating
vessels, allowing operators to effectively monitor and enhance ship performance, ultimately
leading to reduced fuel consumption and emissions [31].

e  The International Maritime Organization (IMO)

The International Maritime Organization (IMO) has consistently championed the
standardization of ship testing conditions, playing a pivotal role in advancing sustainability
within the global shipping industry.

EEDI (Energy Efficiency Design Index): The IMO introduced the Energy Efficiency
Design Index (EEDI) as a metric for assessment of the efficiency of new ship designs. This
index mandates that ship manufacturers adhere to a set of performance standards when
designing new vessels, ensuring heightened energy efficiency. The implementation of the
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EEDI actively contributes to propelling the maritime industry toward greater environmental
friendliness and enhanced energy efficiency [32,33].

SEEMP (Ship Energy Efficiency Management Plan): The IMO requires shipowners to
implement Ship Energy Efficiency Management Plans (SEEMP) to oversee and improve the
energy efficiency of existing vessels. The SEEMP encompasses various elements, including
testing conditions, data recording, and analysis, among others, all aimed at optimizing ship
performance and reducing energy consumption [34,35].

Above all, various kinds of test conditions provide input conditions for performance
validation in terms of ship energy management and hybrid matching selection optimiza-
tion. With regard to the source of test conditions, a single or limited number of operating
conditions are mainly adopted, which prevents consideration of the operating character-
istics in the water, leading to difficulties when comparing the performance of different
types of vessels in practice. Especially in terms of data extraction, there is still a lack
of systematic research that combines machine learning with time-series analysis, which
limits comprehensive understanding of the real operating conditions of ships. Hence, in
this study, a machine learning-based ship loading cycle extraction method is proposed to
address the lack of standardized loading cycle testing conditions. The dynamic changes
and spatio-temporal offset characteristics characterizing ship operations can be captured
more accurately through combining dynamic time regularization (DTW) theory with hier-
archical clustering in machine learning. Such an approach not only improves the accuracy
and efficiency of data analysis, but also provides a unified standard test condition for the
performance comparison of different types of ships.

On the basis of the above, the main structure of this article is as follows. Section 2
introduces basic knowledge on time-series data mining and presents the proposed novel
method for data extraction based on machine learning. Furthermore, the proposed method
is validated and discussed through a case study in Section 3. The concluding chapter is
presented in Section 4.

2. Preliminaries and Methodology
2.1. Similarity Measurement

Time-series data are a common data type that includes numerical values obtained
through continuous observations or regular measurements. Such data have applications
across diverse domains, including finance, healthcare, telecommunications, and others [36].
Before commencing data mining, it is essential to evaluate the similarity between two time
series to reveal potential relationships among distinct sequences. To achieve this goal,
distance calculation methods are commonly used to quantify the similarity of time-series
data. As a result, in the context of addressing challenges related to time-series similarity,
distance metrics play a crucial role.

Similarity measures, often referred to as distance functions, serve to quantify the
similarity between two compared data sets. Such data sets can assume various forms,
encompassing equally or unequally sized raw numerical sequences, feature-rich vectors,
or transformation matrices, among others. Frequently utilized similarity measurement
methods include Euclidean distance and Dynamic Time Warping (DTW) [37].

2.1.1. Euclidean Distance

The Euclidean distance, commonly referred to as the Euclidean metric, serves as a
widely employed distance measurement method for quantifying the separation between
two points within a multi-dimensional space [38]. It is frequently utilized to gauge the sim-
ilarity of numerical data, particularly in machine learning applications such as clustering,
classification, regression, and others. The calculation formula is presented in Equation (1):

dist(A, B) = (xi — i) (1)

1

n
1=
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where A(x1,x2,- -+, %) and B(y1,y2, - - - , yn) denote distinct time series. It is essential to
emphasize that, for this formula to be applicable, both time series must possess an identical
number of data points. Despite its computational simplicity and intuitive nature, the
Euclidean distance exhibits sensitivity to scale variations across different dimensions.

In comparison to more intricate approaches, the Euclidean distance exhibits faster
computational speed when handling large-scale data. Nevertheless, the Euclidean dis-
tance possesses certain limitations. It proves ineffective in handling outliers or noise, and
displays sensitivity to specific signal transformations, such as translation, uniform time
scaling, uniform and non-uniform amplitude scaling, and time warping, among others. To
mitigate the limitations of the Euclidean distance, researchers in the field have continuously
introduced novel distance measurement methods.

2.1.2. Dynamic Time Warping

DTW, in contrast to the Euclidean distance, excels at accurately assessing the similarity
between two time series that may not share the same frequency or sampling rate. These
sequences undergo non-uniform time dimension warping (or stretching) to achieve the best
possible alignment between the two sequences [39]. A notable advantage of DTW lies in its
capacity to preserve the topological structure of time series through accommodating time
stretching or compression, thereby enhancing its effectiveness in capturing the similarity
between time series. With time series A(x1, X2, -+ ,X,) and B(y1,y2,- - - ,ym) as inputs, a
distance matrix is generated, as depicted in Equation (2):

d(xy,y1) d(x1,y2) - d(x1,ym)
d ’ d ’ d rYm

disi(a, By — | ") AGe) e dGa) @
d(x”’yl) d(xn/yZ) d(xn/ym) nxm

where dist(i,j) = d(xi,y]-) = x -yl i =12, ,mj=12---,mis the distance
between x; and y;.

The objective of DTW is to identify the optimal path (P°(Py, Py, - - - , Ps, - - - , P¢)) among
all possible paths, thereby minimizing Equation (3):

M=

dpsws
DTW(A,B) =¥ (n,m) = =L

Ws

i
fivs

)

S

where dp, represents the distance of path Ps, ws is the weighting coefficient, and ¥ (1, m) is
the cumulative distance matrix.

¥ (n, m) represents the minimum distance yielded by the DTW algorithm, and the
optimal alignment path can be determined through employing the cumulative distance
matrix, as illustrated in Equation (4).

¥ (n,m) = dist(i,j) + minPTV{¥(i - 1,7 -1),¥( - 1,j),¥(G,j—1)} (4)

DTW exhibits adaptability to temporal irregularities in time series, robust similarity
measurement capabilities, and a keen sensitivity to temporal relationships [40]. DTW profi-
ciently captures temporal features within signals, rendering it highly versatile in various
domains, including speech recognition, handwriting character recognition, bioinformat-
ics, and financial time-series analysis. Nonetheless, it encounters the challenge of high
computational complexity, leading to notable computational overhead when employed on
extensive data sets. Consequently, it is imperative to judiciously assess its strengths and
limitations in particular application contexts.
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2.2. Clustering Method

Clustering algorithms, which are integral to the realm of time-series clustering, rep-
resent a profoundly significant research area within contemporary machine learning [41].
In contrast to classification, clustering stands as an unsupervised learning technique that
operates without the need for labeled data during model training. Grounded in the concept
of similarity, clustering endeavors to divide data into distinct clusters, emphasizing high
similarity within each cluster and lower similarity between different clusters. Within the
domain of time-series analysis, prevalent clustering techniques fall into two categories:
partition-based methods and hierarchical methods.

2.2.1. Classification and Clustering Methods

Partition-based clustering methods constitute a prevalent category of clustering algo-
rithms. They operate on the fundamental principle of dividing a data set into numerous
non-overlapping subsets or clusters, characterized by high similarity among data points
within each cluster and lower similarity between different clusters. These methods usually iter-
atively refine clustering outcomes until a predefined stopping condition is achieved. K-means
stands as one of the most frequently employed partition-based clustering algorithms.

The goal of the K-means algorithm is to minimize the sum of squared distances be-
tween each data point within a cluster and its respective cluster center, thereby minimizing
the total intra-cluster distance, as expressed by the formula in Equation (5):

K n
]ZZZWU'HXJ'*PHHZ 5)

where | denotes the total objective function value, K signifies the number of clusters, n
stands for the total number of data points, x; represents the jM data point, p; corresponds

to the center of the it cluster, and w;; denotes the binary indicator function.
The steps of the K-means clustering algorithm are as follows:

(1) Initialization

Randomly select K data points as the initial cluster centroids. These initial centroids
can be chosen randomly from the data set or determined using other initialization methods.

(2) Iteration

The K-means algorithm iteratively optimizes cluster assignments and centroid posi-
tions through the following two steps.

(@) Cluster assignment step

For each data point, calculate its distance to each cluster centroid. Typically, the
Euclidean distance is used as the distance metric. The distance equation is presented in
Equation (6):

2
dij =||xj — | (©)
where d;; represents the distance between data point x; and cluster centroid ;. Assign each
data point to the cluster with the closest centroid (i.e., select the cluster associated with the
minimum d;;).
(b) Cluster update step

For each cluster, re-calculate its centroid by taking the mean (average) of all data points
within that cluster. The update formula is as follows:

1
Vi:@Z X; @)

ijS,'

where y; represents the new centroid of cluster i, S; is the set of all data points belonging to
cluster i, and |S;| is the size of cluster i (i.e., the number of data points it contains).
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(3) Termination criteria

The K-means algorithm repeats the cluster assignment and cluster update steps until
one of the following termination criteria is met:

(a) Cluster centroids no longer change significantly (below a certain threshold).
(b)  The assignment of data points to clusters remains unchanged.
(c) A maximum number of iterations is reached.

(4) Output

The output of the K-means algorithm consists of a set of clusters, each containing a
group of similar data points and the centroids of these clusters. These clusters can be used
for data clustering analysis or other subsequent tasks. In summary, the K-means algorithm'’s
fundamental principle is to iteratively optimize cluster assignments and centroids to
maximize the similarity of data points within clusters while minimizing the similarity
between clusters.

2.2.2. Hierarchical Clustering Method

Hierarchical clustering is a technique employed to systematically analyze data through
the utilization of either agglomerative or divisive algorithms. In an agglomerative algo-
rithm, every data point begins as an independent cluster. Then, the closest clusters are
progressively merged until all data points are encompassed within a single cluster. Con-
versely, a divisive algorithm initiates by grouping all data points into a single large cluster
and subsequently divides it into more similar sub-clusters until each data point forms
its own cluster [42]. Agglomerative algorithms are extensively employed in clustering
analysis, due to their hierarchical and bottom-up construction, wide-ranging applicability,
interpretability, and stability, among other advantages. Through treating each data point as
an initial cluster, this algorithm systematically merges the most similar clusters over succes-
sive steps, yielding a multi-level clustering structure. This approach assists researchers in
achieving a more in-depth comprehension of the intricate inherent relationships within the
data. Additionally, it exhibits relative insensitivity to the selection of initial points, thereby
enhancing the repeatability and interpretability of clustering [43].

The following outlines the standard procedure for agglomerative hierarchical clustering:

(a) Initialization: Begin by treating each data point as a distinct cluster and calculate
the distances between them, utilizing diverse distance metrics such as the Euclidean
distance, Manhattan distance, cosine similarity, and more.

(b) Merge the closest clusters: Identify the two clusters with the smallest distance separa-
tion and combine them into a new cluster. Various linkage methods can be employed
for this purpose, with common options including complete linkage, average linkage,
and Ward'’s linkage.

(¢) Update the distance matrix: Re-evaluate the distance matrix between clusters to
account for the distances involving the newly merged cluster and the remaining
clusters. This process usually entails computing the distances between the new cluster
and other clusters.

(d) Iteratively execute steps (b) and (c) until a stopping criterion is achieved, which
can include reaching a predetermined number of clusters or the point at which the
distance between clusters surpasses a specified threshold.

The principles and computational guidelines for complete linkage, average linkage,
and Ward'’s linkage are discussed below, as illustrated in Equations (8)—(10), respectively.

Complete linkage is employed to compute the distance among all data points within a
cluster and selects the maximum distance as the ultimate distance, as depicted in Equation (8):

Lgonlplete

i = max{dist(xy, xg), Vx4 € Cj,xp € Cj} ®)

where C; and Cj are two clusters and dist(x“, xﬂ) represents the distance between data
points x, and xg.
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Ward’s linkage serves to gauge the increase in variance upon merging two clusters,
aiding in the selection of an optimal clustering structure. The calculation rule is presented

in Equation (9).
d’ 2
L =3 3 llxa—x ©)
x€C; XISGC]'

Calculating the average linkage is a relatively straightforward and intuitive process.
It defines the distance between two clusters as the average of distances between all data
points, as illustrated in Equation (10).

Average 1 J
L = — dist(xy — x 10
i |Ci||cj|xa;Cfxﬂ§:f ( ' ﬁ)

2.3. Methodology

This section introduces a novel approach for extracting ship loading cycles through the
utilization of the DTW-hierarchical clustering algorithm. Figure 4 illustrates the workflow
of the proposed method, encompassing the subsequent steps.

Phase I: Data Acquisition and Preprocessing

(1) Data Acquisition: Time-series data during the original voyage are collected through
the ship’s information acquisition system.

(2) Piecewise Linear Approximation (PLA): To obtain complete time-series data, the PLA
of the original data contributes to reducing the amount of data and preserving the
main trends.

(3) Data normalization: The time-series data are normalized to eliminate differences
in magnitude between different data sources and to ensure consistency in subse-
quent analyses.

(4) Missing data and outlier processing: Interpolation methods are used to fill in miss-
ing data, and outliers are detected and processed. Possible methods include mean
interpolation, linear interpolation, or multiple interpolation.

Phase II: Similarity Calculation

The Dynamic Time Warping (DTW) formula (Equation (3)) is utilized to calculate the
DTW values between different data time series, which measures the similarity or distance
between them.

Phase III: Hierarchical Clustering

(1) Distance matrix construction: Based on the calculated DTW similarity, the distance
matrix of the time-series data is constructed.

(2) Clustering process: A bottom-up hierarchical clustering approach is used to merge
the two nearest clusters until all data points are clustered into one cluster.

(3) Distance threshold selection: A suitable distance threshold is determined, in order to
obtain the desired number of clusters while ensuring that the clustering results are
reasonable and stable.

Phase IV: Template Profile Extraction

(1) Mean profile construction: For the time-series data in each cluster, a template profile
is extracted, which represents the average behavior of the time series in that cluster.
Representative profiles are constructed using the time-series averaging method.

(2) Average profile calculation: The time series for each cluster are aligned and their mean
values are calculated to obtain a representative mean profile.

A depiction of the extraction of time-series data, DTW similarity calculation, and the
hierarchical clustering method based on DTW is illustrated in Figure 4.
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Figure 4. Flowchart of the proposed method.

2.3.1. Extraction of Time-Series Data

Time-series data comprise a sequential collection of records organized in chronological
order. Each data point in this sequence is symbolized as X; = (#;, x;), where X; denotes
an individual sample point. Within this notation, x; represents the numerical value of the
data record, t; corresponds to the time associated with the data record, and the subscript i
designates the index of the sample point. Thus, the representation for time-series data is
presented in Equation (11).

X = [(t1,x1), (t2,x2), -, (tn, Xn)] (11)

In this study, we utilize a piecewise linear approximation method to extract time-series
data. This technique involves partitioning the time-series data into multiple segments and
conducting linear fitting within each segment. Through connecting these consecutive line
segments, the overarching characteristics of the time series can be captured, offering an
intuitive depiction of its fluctuation patterns. In the following sections, we introduce and
elaborate upon the concept of piecewise linear approximation.

A concise explanation of the piecewise linear approximation method, with reference
to Figure 5, is provided below. In Figure 5, the continuous black line depicts the original
collected time-series data. Time is partitioned into uniform intervals, and linear fitting is
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conducted within each interval. As illustrated in Figure 5, this piecewise linear approxima-
tion process yields the final time-series data, as expressed in Equation (12).

X = [(t1,x1), (t2, x2), (t3, x3), (ta, x4)] (12)

B Raw data

Collect data
T

Time

Figure 5. Time segmented linear method.

It is important to highlight that normalization is carried out using the min-max
normalization technique, for which the calculation formula is presented in Equation (13):

X = X — Xmin (13)

Xmax — Xmin
where x’ denotes the normalized data, x denotes the time-series data, Xpin is the minimum
value of x, and xmax is the maximum value of x.

2.3.2. Time-Series Data Similarity Search

DTW provides solutions to various challenges related to time-series comparison,
encompassing the management of varying lengths, shifts, and scaling transformations.
Nevertheless, DTW has various limitations, notably in terms of its high computational com-
plexity, susceptibility to noise, and constraints in global alignment. To address these issues,
the introduction of Soft-DTW became imperative. Soft-DTW incorporates a smoothness
property that enhances matching robustness, rendering it adept at handling noise, transfor-
mations, and discontinuous data. Moreover, it frequently offers enhanced computational
efficiency. Consequently, Soft-DTW has emerged as a potent tool which is applicable to a
broader spectrum of time-series analysis scenarios.

Consequently, the Soft-DTW computational formula is defined and presented in
Equation (14):

ooftDTW (j iy — dist (i, j) + min’ DTV (¥ (i = 1,7 = 1), ¥ (i — 1)), ¥(i,j — 1)} (14)

min6; A=0

i<n
where minioft'DTW{Gl, 02, , 00} = " 7@ )
—Alog Y e A A>0
i=1

In contrast to Equation (4), where min?T" is used, min is utilized in the com-
putation. The parameter A assumes a crucial role in controlling the smoothness of the
result matrix, facilitating adjustment of the inherent discrete nature of the DTW distance.
Within the framework of the Soft-DTW algorithm, A serves the purpose of smoothing local
minima, thereby creating a more conducive environment for optimization. Specifically,
when A > 0, the Soft-DTW algorithm introduces an additional smoothing term aimed at
mitigating local minima, resulting in a smoother distance matrix. As the parameter A ap-
proaches 0, Soft-DTW gradually converges towards the original DTW distance calculation.

soft-DTW
A
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The introduction of this smoothing parameter A enhances the flexibility of the Soft-DTW
method, enabling task-specific adjustments to strike a balance between precise matching
and noise tolerance.

2.3.3. Hierarchical Clustering Method Based on Soft-DTW

Employing the piecewise linear approximation method and data normalization, we ef-
fectively extracted multiple time-series data sets. Subsequently, we employed the Soft-DTW
distance to gauge the similarity among these time-series data sets and conduct hierarchical
clustering grounded in this similarity metric. This iterative process was continued until the
desired clustering structure was attained.

To be specific, our process commences with the utilization of Equation (12) to compute
the Soft-DTW distance for each pair of time-series data. This distance metric incorpo-
rates the dynamic time warping between time series, enhancing its accuracy in capturing
their similarity.

The Soft-DTW distance enables more accurate measurement of the similarity between
time series, thus improving the quality of clustering. The agglomerative clustering method
combines the most similar time series in each step and continuously optimizes the clustering
structure, resulting in clusters with high internal similarity and low external similarity.
When the desired cluster structure or a predefined number of clusters is reached, the cycle
is stopped.

The pseudocode for the hierarchical clustering method based on Soft-DTW is presented
in Table A1 in the Appendix A.

3. Case Study and Analysis
3.1. Time-Series Data Extraction Using the Modified Version

A total of 100 data points comprising actual ship operating conditions with a time
range of 900 s, were acquired using the acquisition method of the website https:/ /www.
shipxy.com (accessed on 30 January 2023), and named condition 1 to condition 100, as
illustrated in Figure 6. These data are categorized into six subgraphs, each containing
20 working conditions.

Condition 1
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- - - - Condition 3
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~--~ Condition 5
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-+~ Condition 8
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Figure 6. Cont.
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Figure 6. Acquisition of working conditions. (a) Condition 1-Condition 20; (b) Condition 21-Condition
40; (c) Condition 41-Condition 60; (d) Condition 61-Condition 80; (e) Condition 81-Condition 100.

3.2. Results and Discussion

In order to conduct hierarchical clustering analysis, we computed the DTW distances
between distinct operating conditions, which are visually represented in Figure 7.

Cluster analysis—an unsupervised machine learning approach—endeavors to group
data samples into clusters or classes contingent upon their shared characteristics. During
the clustering process, a similarity metric referred to as “ R" — R” quantifies the resem-
blance between diverse samples, with ‘n” signifying the count of samples within each
operating condition cycle. When comparing the DTW distances across time series, those
with analogous temporal profiles were amalgamated into the same cluster. This approach
culminated in a clustering of the data, as visually represented in Figure 8.

Utilizing Soft-DTW values, the time-series data were then classified through the
complete linkage clustering method, culminating in the creation of a hierarchical clustering
tree employing the ‘complete’ method, as depicted in Figure 8a. Throughout the clustering
process, a critical decision involves the selection of an appropriate inter-cluster distance
or determining the desired number of clusters to uphold cluster diversity. The chosen
threshold for the clustering cutoff distance was 71.4, resulting in the identification of seven
clusters, as exemplified in Figure 8b.



Figure 8. Hierarchical clustering den
(b) Cluster tree with a threshold of 71.4
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The hierarchical structure of the inter-cluster distances was leveraged to construct a
dendrogram, thus delineating seven clusters, as detailed in Table 1. Figure 9 portrays the
average outcomes of the time-series data for distinct cluster centers, with darker regions
denoting the average loading cycles. Upon scrutinizing Figure 9a—g, it becomes evident that
the operating conditions within each cluster exhibit analogous fluctuation characteristics.
This observation strongly validates the feasibility and effectiveness of hierarchical clustering
analysis predicated on Soft-DTW for discerning loading cycles. This outcome underscores
the proficiency of our approach in effectively grouping similar operating conditions and
accurately capturing their shared attributes. Such findings carry substantial significance in
the realm of loading cycle recognition, and they hold promise for providing robust support
in practical applications.

Table 1. Results of Soft-DTW-based method to obtain typical operation clusters.

No. Naming of Typical Loading Conditions Included Working Conditions
1 Operating profiles I Condition 25,27,28,31,33,34,35,36,81,83,84
2 Operating profiles II Condition 5,9,32,39,48,63,68,71,73,75,77,78,87,91,93,94
3 Operating profiles III Condition 14,19,29,56,62,74,85,89,95
4 Operating profiles IV Condition 12,13,49,50,52,53,54,61,64,76,79,90,92,97,98
5 Operating profiles V Condition 16,17,22,23,24,26,37,38,40,57,66,67,70,72,80,88,96,100
6 Operating profiles VI Condition 7,10,15,21,30,65,82
7 Operating profiles VII Condition 1,2,3,4,6,8,11,18,20,41,42,43,44,45,46,47,51,55,58,59,60,86,99
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Figure 9. Typical operating conditions. (a) Operating profiles I; (b) Operating profiles II; (c) Operating
profiles III; (d) Operating profiles IV; (e) Operating profiles V; (f) Operating profiles VI; (g) Operating
profiles VII.

Drawing upon the outcomes of hierarchical clustering and the time-series averaging
results illustrated in Figure 9, a comprehensive summary of the loading cycles was meticu-
lously assembled, as depicted in Figure 10. It becomes evident that distinct test conditions
offer valuable insights into evaluating the effectiveness of energy management strategies
across a range of facets.
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Figure 10. Typical loading cycles.

It can be observed, from Figure 10, that the proposed method effectively divided the
time series of 100 different working conditions to obtain seven cyclic working conditions
with different characteristics. More specifically, the similarity of the time-series data was
calculated using the Soft-DTW method, the results of which were combined with the hi-
erarchical clustering method for clustering. This combination was able to effectively deal
with the dynamic and spatio-temporal deviation characteristics in the ship test operating
condition data, and the obtained results demonstrate that the Soft-DTW and hierarchical
clustering methods can be used to effectively extract the operation cycles with similar
characteristics. The finally obtained loading cycle conditions can be used for energy man-
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agement performance assessment, which provides a scientific basis for ship performance
comparison and energy management strategy optimization.

The methods described above for obtaining data of different loading cycles allow
for the identification of types of ships with higher energy consumption and more serious
carbon emissions and air pollution. Consequently, ship operators can use this information
to develop energy-saving and emissions-reducing navigation strategies to reduce fuel
consumption and carbon emissions, thus minimizing their impact on the atmosphere and
promoting the environmental sustainability of ship operations. Practical applications of the
proposed approach for the advancement of sustainable development are set out below.

(1) Identifying high-energy-consumption and high-emissions operating conditions.

Through obtaining data from different load cycles, it is possible to accurately identify
the operating conditions in which different types of ships operate with high energy con-
sumption and severe carbon emissions. Experimental simulations and bench tests can be
leveraged to help ship operators identify those operating conditions under which the ship
is least energy efficient and has the highest emissions, such that optimization adjustments
can be defined.

(2) Developing navigation strategies for energy conservation and emissions reduction.

Ship operators can use this information to develop more accurate navigation strategies
and reduce unnecessary energy consumption. For example, it is possible to significantly
reduce fuel consumption and emissions through optimizing speeds, adjusting routes, or
improving operational procedures under high energy consumption conditions. Through
applying these strategies, not only can operational costs be reduced, but environmental
pollution can also be significantly reduced.

The above measures assist in promoting the environmental sustainability of ship
operations. The ships can maintain efficient operations while reducing carbon emissions
and air pollution through standardized test conditions and optimized energy management
strategies. As such, the proposed approach is not only compliant with the environmental
regulations of the IMO and other regulatory bodies, but also promotes the development of
green shipping.

4. Conclusions

In this paper, an advanced marine loading cycle extraction method was presented,
which aims to solve the problem related to the lack of standardized test conditions for ships.
A Soft-DTW-based hierarchical clustering ship loading cycle extraction method was pro-
posed in combination with a hierarchical clustering method. The DTW theory is skillfully
integrated with the hierarchical clustering theory to effectively deal with the dynamic and
spatio-temporal deviations of ship test condition data. The proposed extraction method
was tested and validated utilizing 100 sets of ship conditions, which yielded successful
clustering of 100 sets of time-series data with similar ship condition characteristics. The
time-series data in each cluster were averaged to obtain seven loading cycle conditions for
matching, ship sizing, and energy management tests, which are characterized by different
features and can be used for different functions according to the actual needs of a given
application. The contribution of this research is the application of machine learning tech-
niques to marine load cycle extraction, providing a systematic and repeatable extraction
method. This not only facilitates comparison and evaluation of the performance of different
types of ships, but also provides input conditions for the development of energy saving
and emissions reduction strategies for ships.

Despite the important progress made, there are still some limitations to this research.
First, the proposed method is highly dependent on a large amount of high-quality opera-
tional data, which may be limited by data access concerns in practical applications. Second,
the variations between different ship types and operating environments may affect the
universality of the method, which requires further validation and optimization. Hence,
future research can be expanded in terms of the applied data set, covering more types of
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ships and different hydrographic environments, and optimizing the algorithms to help
ship operators more easily apply the method for individual performance evaluation and
strategy development.
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Appendix A
Table A1l. Pseudocode for Soft-DTW.

Algorithm Soft-DTW-Hierarchical Clustering Method

Inputs: Data combination X = {X1, Xp, - - - , X } extracted from time series;

1 Introduce the calculation formula ¥5°/t=PTW for Soft-DTW.
2 fori=1tom
3 G ={Xi};
4 end for
5 fori=1tom
6 forj=1tom
7 (i) = ¥ DT )
8 9(. i) = @(i,]);
9 end for
10 end for
11 Set the current number of clusters M = m;
12 k=1;
13 While M > k
Find the two clusters closest to Soft-DTW through equation
14 (C,-, Cj) = min Licjomplete
= minmax{q)(i,j),in €Cyx; € C]} )
15 Merge Cluster C;, Cj ;
16 Renumber the cluster;
17 fori=1toM —1
18 0(i,]) = ¥-DTV, )
19 @(j.1) = (i, ]);
20 end for
21 M=M-1;
22 end While
23 Outputs: C; = {Cl,Cz,--- ,CM}
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