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The object of this study is the pro-
cesses of prescriptive technical main-
tenance (TM) of vessel machinery and
structures of cargo ships. The task
addressed relates to the insufficient
efficiency of conventional methods
for vessel machinery TM, which leads
to increased risks of failures and
enhanced operating costs.

In this work, algorithmic sup-
port to a system of comprehensive
prescriptive maintenance of cargo
ships based on predictive monitoring
methods has been developed. Data on
the parameters of machinery tech-
nical condition were experimental-
ly acquired and systemized; a com-
prehensive analysis of costs, risks,
and reliability was carried out using
the developed algorithms. The results
demonstrated that applying the pro-
posed methodology could reduce the
cost of maintenance by up to 44.4%,
as well as decrease the risk of mal-
functions by up to 89.4%. It has been
established that the total economic
effect of optimizing the maintenance
processes of the principal engine
components equals USD 4849 per life
cycle of the machinery. This con-
firms the feasibility and effective-
ness of using comprehensive predic-
tive monitoring in vessel TM systems.

Special feature of the results is
their integrated nature, which makes
it possible to simultaneously consider
technical and economic aspects of TM.
This is what makes it possible to
avoid the shortcomings inherent
in conventional regulatory systems,
ensuring a higher level of operational
reliability and economic efficiency of
cargo ships.

The practical application of the
devised methodology is possible pro-
vided that the proposed algorithms
are integrated into vessel operation
processes with appropriate informa-
tion and analytical support, includ-
ing automated data collection and
continuous monitoring of machinery
condition
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1. Introduction

ability of cargo vessel operation is of particular importance [1].

At the current stage of development of the maritime trans-
port industry, the issue of improving the efficiency and reli-

The growth of international transportation volumes, in-
creased competition between shipping companies, and stricter
requirements for environmental safety stimulate intensive




implementation of digital solutions aimed at optimizing the
technical operation of the fleet [2].

Intensive operation of vessel power plants and mechanisms
under difficult sea conditions, increased load on critical com-
ponents, complexity of vessel technical equipment designs, as
well as increased maintenance and repair costs lead to an in-
crease in the risk of failures and disruptions in the operation of
the vessel [3]. Under such conditions, it becomes relevant not
only to ensure continuous equipment operability [4] but also to
reduce the total volume of operating costs while maintaining
a high level of technical readiness of the fleet, which requires
fundamentally new approaches to ensuring their operability
and safe operation [5].

Conventional scheduled maintenance systems, which
include periodic inspections, scheduled repairs, and fixed TM
intervals, were formed mainly in the 20th century and do not
take into account the individual characteristics of vessel’s op-
eration [6], load dynamics [7], as well as the actual technical
condition of components [8]. This approach leads either to
unnecessary costs due to premature technical intervention,
or to excessive risks due to untimely maintenance [9]. In the
context of modern requirements for flexibility, adaptability,
and accountability of technical solutions, scheduled mainte-
nance is increasingly less effective [10].

In this regard, the implementation of systems for com-
prehensive prescriptive technical maintenance of cargo ves-
sels (CPTMCV) is becoming increasingly important. Such
systems use predictive monitoring and digital technologies for
continuous analysis of the condition of vessel equipment [11].
They also predict the technical condition of vessel equipment
and make timely decisions on the need for maintenance or
repair [12]. Systems like CPTMCYV take into account individual
degradation profiles and generate targeted recommendations
for maintenance or repair. Such approaches allow for the
prompt identification of failure risks, the prevention of critical
malfunctions, the minimization of unplanned vessel down-
time and, consequently, the reduction of maintenance costs.

The advantages of implementing prescriptive systems are
based on the following capabilities:

- to significantly reduce the number of unplanned down-
times due to early detection of defects;

-to optimize costs by avoiding unnecessary technical
intervention;

- to improve the efficiency of logistics planning and the
use of maintenance personnel resources;

- to improve the environmental performance of ships by
reducing the load on the systems and increasing fuel efficiency.

Additionally, there are concepts of a "smart vessel”, which
includes self-diagnostic modules [13], autonomous control [14],
and adaptive technical maintenance [15]. These functions
are directly related to the use of digital tools for monitoring,
analyzing, and predicting the technical condition of vessel sys-
tems [16]. Prescriptive TM in this context acts as a key element
of the Smart Maintenance concept in marine engineering [17].

The results of research in this area are of great practical
importance as they provide shipowners and operating com-
panies with effective tools for making optimal management
decisions [18]. They increase the safety and reliability of ship-
ping [19], reduce maintenance and repair costs [20], as well
as make it possible to significantly improve the overall opera-
tional efficiency of cargo ships [21].

Thus, the scientific substantiation and development of
algorithmic support to CPTMCYV using predictive monitoring
methods [22] is a necessary condition for increasing the com-

petitiveness of shipping companies in the global maritime
transportation market.

Therefore, research into the development of algorithmic
support and analysis of the effectiveness of prescriptive tech-
nical maintenance systems for cargo ships using predictive
monitoring is relevant.

2. Literature review and problem statement

In [23], a predictive maintenance model focused on the
analysis of risks and operating costs of ships was proposed; how-
ever, the issues of integrating this model into real processes of
prescriptive maintenance remain unresolved, which complicates
its practical implementation. Study [24] focused on monitoring
the technical condition of engines using artificial intelligence
methods, in particular machine learning, but the authors did not
take into account the economic aspect of operation and did not
determine the optimal maintenance intervals considering the bal-
ance between costs and risks. A similar shortcoming is observed
in [25], in which the emphasis is on Internet of Things technol-
ogies for remote monitoring but without assessing the long-term
effectiveness of implementing the proposed solutions in practice.

Another important aspect is the lack of attention to al-
gorithmic support to prescriptive maintenance, specifically
for cargo ships. For example, a study by Polish scientists [26]
demonstrates the effectiveness of prescriptive maintenance in
industry but does not provide practical solutions for the specific
conditions of maritime transport, where equipment operates
under conditions of significant load fluctuations and the influ-
ence of an aggressive marine environment. Paper [27] considers
the application of predictive analytics technologies to assess the
condition of vessel systems, but the work focus only on individ-
ual technical means, without a comprehensive approach to the
system integration of all components of vessel maintenance.

Study [28] demonstrates how predictive maintenance based
on artificial intelligence can increase the operational efficiency
and reliability of maritime transport due to more accurate fault
diagnosis and early detection of system failures. However, the
authors do not sufficiently take into account the specifics of
integrating the proposed solutions into comprehensive vessel
systems, and do not consider the issue of optimizing economic
costs in the practical implementation of artificial intelligence.
In work [29], a prescriptive model using generative adversarial
networks and failure mode analysis is proposed to increase the
reliability and operational efficiency of vessel diesel genera-
tors. However, the limitations of the study are insufficiently
developed aspects of taking into account operational risks
and the lack of recommendations for optimal maintenance
intervals in real-world vessel operation. In [30], it is argued that
a predictive model for maintenance of vessel equipment using
real-time monitoring data and machine learning can improve
the decision-making process regarding maintenance. However,
the authors do not pay enough attention to assessing the eco-
nomic efficiency of implementing the model and its integration
into the full life cycle of vessel equipment, which reduces the
practical value of their results. In [31], a basis for implementing
a system of planned and predictive maintenance based on risk
analytics for naval ships is proposed to increase operational
readiness and reduce costs. At the same time, in [32], the spe-
cific features of the civil cargo fleet, where operating conditions
and economic priorities differ significantly, are insufficiently
considered, which limits the direct application of the proposed
approaches in merchant shipping. In [33], a methodology for



data-based fault detection using machine learning is proposed
to ensure predictive maintenance, increase reliability and ener-
gy efficiency of vessel systems. Despite the significant scientific
value of the reported method [34], the study has limitations in
the form of the lack of an in-depth analysis of costs, risks, and
economic consequences of implementing the proposed algo-
rithms in the long term.

The reviewed works indicate the lack of integrated solu-
tions that would cover the full cycle from information collec-
tion to optimization of maintenance decisions, which signifi-
cantly limits the practical application of such models.

Summarizing the critical analysis of literature sources,
a number of unresolved scientific and practical problems can
be identified:

- insufficiently developed algorithmic solutions that would
provide a comprehensive approach to predictive monitoring
and decision-making regarding maintenance on cargo ships,
taking into account the specificity of maritime industry;

—lack of systematic analysis of the relationship between
maintenance parameters, risks, costs, and operational reliabil-
ity of equipment, which complicates the selection of optimal
maintenance intervals;

- insufficient attention to assessing the practical effective-
ness of algorithmic provision to prescriptive maintenance,
taking into account economic indicators and reliability indi-
cators under actual conditions of vessel operation.

The main reason for these unresolved issues is the diffi-
culty of integrating theoretical models and algorithms into
real conditions of operation of vessel technical equipment.
Most studies are highly specialized, considering individual
aspects or equipment without taking into account the overall
integrated picture. In addition, there are no universal ap-
proaches to assessing the effectiveness of such systems, which
limits their widespread practical implementation.

Thus, the general unsolved problem is the lack of compre-
hensive algorithmic support to prescriptive technical main-
tenance of cargo ships. Such support should integrate pre-
dictive monitoring methods taking into account risks, costs,
reliability, and efficiency of maintenance processes in actual
operation. It is this task that predefines the relevance and
necessity of our study.

3. The aim and objectives of the study

The purpose of our study is to develop an algorithmic sup-
port and assess the effectiveness of cargo vessel maintenance
system using predictive monitoring of the technical condition
parameters of vessel technical equipment and structures. This
will provide clear answers as to how to predict the technical con-
dition, how to reduce operational risks and costs, and how to im-
prove vessel maintenance for safer and more efficient operation.

To achieve the goal, the following tasks were set:

- to develop an algorithm for data collection, monitoring
of the parameters of the maintenance system and determin-
ing the status of malfunctions of vessel technical equipment
and structures as part of the system of comprehensive pre-
scriptive technical maintenance of cargo vessels;

- to represent the results of data acquisition regarding cer-
tain parameters of the technical condition of vessel technical
equipment and parameters for the system of comprehensive
prescriptive technical maintenance of cargo vessels;

- to represent the results of assessing the costs, risks,
reliability, and effectiveness of vessel engine maintenance as

part of the system of comprehensive prescriptive technical
maintenance of cargo vessels.

4. The study materials and methods

The object of our study is the processes of prescriptive
technical maintenance of cargo vessels, which are imple-
mented using algorithmic support employing methods for
predictive monitoring of the technical condition of vessel
technical facilities and structures. The system functionally
includes automated collection of operational parameters, data
processing, state modeling, prediction of possible failures, and
decision-making regarding the need for technical intervention.

The principal hypothesis of the study assumes that the
integration of predictive monitoring algorithms and compre-
hensive analysis of the technical condition makes it possible
to achieve a significant increase in the operational efficiency of
cargo vessels. This is possible by reducing the risks of failures,
reducing costs, and ensuring optimal maintenance intervals,
compared to conventional regulatory approaches.

The following basic assumptions were adopted in the study:

- the process of changing the technical condition of vessel
systems and structures is predictable based on the analysis of
monitoring data;

- expert and software and hardware information collec-
tion tools provide data with acceptable accuracy, which allows
for effective predictive analysis;

- the operating conditions of vessel systems are consid-
ered typical for cargo ships of the class under study.

The simplifications accepted in the study are due to the
need to unify parameters:

- when assessing risks and costs, indirect costs were not
taken into account (for example, losses due to delays in the
voyage, costs of organizing repairs outside of planned work);

- for modeling and analysis, averaged parameters of vessel
equipment operation were used without detailed consider-
ation of individual specific situations related to environmen-
tal conditions (temperature, corrosiveness of the environ-
ment, crew qualification level, etc.).

The material base of the study includes the following:

- technical documentation, operating and maintenance
instructions for Sulzer 6AL20/24 engines, which are actively
used on medium-class cargo ships;

- maintenance logs, service reports, and historical log files
from monitoring systems;

- historical and operational data on technical condition
parameters obtained under actual sailing conditions during
several engine operation cycles in vessel equipment.

The equipment used included:

- vessel sensors for monitoring the technical condition
of the equipment (thermocouples, strain gauges, vibration
sensors, accelerometers, air flow sensors, air flow, pressure,
vibration, pressure gauges, as well as position sensors, sensors
for detecting backlash on shafts and other malfunctions);

- microprocessor data acquisition modules (LN-8AI,
LN-2FC type), installed on board the vessel and connected to
the onboard local area network;

- server-communication system ShipDiMRO, which in-
cludes data processing tools, a knowledge base, and interfaces
for accessing analytical results;

- servers for collecting, storing, and processing informa-
tion on board the vessel and transmitting it to the remote
analytical center ShipDiMRO.



Software and methods used to conduct the research:

- a specialized information and analytical platform Ship-
DiMRO, which provides aggregation, pre-processing, valida-
tion, and further data analytics. The platform has a modular
architecture that makes it possible to scale the functionality
according to the type of vessel or equipment composition;

- statistical analysis methods (calculation of arithmetic
mean values, standard deviations, trend analysis, regression
methods, moving average, histogram analysis, calculation of
variation coefficients and risk metrics) to identify patterns in
changes in the technical condition of equipment;

- prescriptive analytics methods, including forecasting
the condition based on time series of the obtained indicators;

- algorithms for optimizing maintenance intervals, in par-
ticular methods for targeted minimization of the cost and risk
functional (cost-risk trade-off);

- predictive analysis methods: construction of linear and
polynomial models based on time series, trend identification,
as well as expert threshold determination of conditions;

- use of formalized loss functions for calibration of opti-
mization models;

—estimation of failure probabilities using binomial dis-
tribution tools, normal distribution law and models based
on residual resource and analysis of insurance claims on the
consequences of failures;

- Python programming environment with Pandas, Mat-
plotlib, SciPy libraries for data analysis and graphing;

- construction of comparative tables and operational pro-
cessing of field experiment results, visualization of results,
and comparative analysis using charts and histograms created
using Microsoft Excel.

The conditions of our research corresponded to actual
operational scenarios for cargo ships: data acquisition was
carried out during regular operation of auxiliary diesel gener-
ators, which ensured the representativeness and applicability
of the results. The frequency of reading parameters was from
1 time per 1 minute to 1 time per 1 hour, depending on the
type of sensor and the criticality of the parameter.

The data obtained were structured into a technical condi-
tion database, on the basis of which training and adaptation
of algorithms were performed to assess the current condition,
formulate recommendations for maintenance, and assess the
economic efficiency of interval optimization.

5. Results of investigating the effectiveness of
algorithmic support to prescriptive technical
maintenance of cargo vessels

5.1. Construction of an algorithm for data acquisi-
tion, monitoring of maintenance system parameters,
and fault detection

The algorithm (Fig. 1) is a comprehensive process that
simultaneously includes the collection, initial processing, and
validation of data on the technical condition of the equip-
ment. It also provides monitoring of the technical condition
of vessel technical facilities, analysis of the efficiency of the
maintenance system, and determination of the status of faults
as part of a single CPTMCV system. The process begins with
the initialization of data acquisition and updating information
with the ShipDiMRO analytical center. This enables the receipt
of up-to-date information and subsequent automatic data ac-
quisition from various types of sensors, such as temperature
sensors [35], pressure sensors [36], vibration sensors, etc. Data

aggregation is carried out by calculating the arithmetic mean
value, which is determined from the following formula [37]
— n X;
X =&t @®
n

where X is the arithmetic mean, x; is a single measured value,
n is the total number of measurements.

After the data are collected, their initial processing and
verification is carried out, which involves identifying possible
errors or deviations, as well as removing anomalous results.
Further analysis is carried out using statistical methods in
order to identify patterns and trends in the obtained data [38].
The main tools of such analysis are the calculation formulas
for the standard deviation, which characterizes the degree of
variability of the data

S= -3 (5] @

where s is the standard deviation, x; is an individual mea-
surement value, X is the arithmetic mean value, n is the total
number of measurements taken.
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Fig. 1. Flowchart of the cyclic algorithm for data acquisition,
technical condition monitoring, and fault
status determination



The next step is to categorize information on the state of
the maintenance system and the current technical condition
of vessel’s equipment. Based on the data obtained, structured
and understandable reports are compiled, which are used for
subsequent analysis. The data acquired is stored on the ves-
sel’s server and transmitted to the ShipDiMRO analytical cen-
ter for integration and further use in planning maintenance
and repair activities. At the final stage, the maintenance sys-
tem parameters are predicted. Our algorithm provides a sys-
tematic approach to collecting and analyzing information,
which is critically important for maintaining the efficiency of
maintenance and technical safety of the vessel. The informa-
tion collection algorithm, shown in Fig. 1, is a central element
of the information model of the comprehensive prescriptive
technical maintenance system "ShipDiMRO" and is aimed at
obtaining data on service characteristics and the condition of
vessel equipment and structures. This algorithm plays a key
role in ensuring the accuracy of predictive calculations for
assessing the technical condition of the vessel. An important
aspect of this process is the choice of the information col-
lection interval: reducing the period between measurements
increases the accuracy of predictions, but at the same time
requires more time for calculations.

For effective forecasting, sequences of numerical indi-
cators of the main parameters of the maintenance system
and the state of vessel technical facilities are required. These
indicators form interval time series, which are of decisive
importance for the accuracy of the forecast. Simultaneously
with the collection of information, monitoring, and detection
of potential malfunctions of the vessel’s equipment and struc-
tures are carried out.

Specialized algorithms for collecting and identifying mal-
functions have been developed, which are an important com-
ponent of the process of forecasting vessel maintenance pa-
rameters. These algorithms are adapted for specific conditions
of use within the virtual enterprise "shipmonitoring.org".
Particularly important are such algorithm parameters as the
time interval Dt for reading indicators from sensors and the
total duration of the information collection period T. As a re-
sult of the algorithm, a data array is formed containing time
series of the obtained indicators.

The process of monitoring (Fig. 1) and assessing the state
of malfunctions of the cargo vessel maintenance system be-
gins with updating information in the ShipDiMRO analytical
center, which ensures its relevance. Then the maintenance
system undergoes initialization, including activation of the
necessary equipment control and management modules. The
next stage is self-diagnosis, which assesses the functional state
of the system and its readiness for operation.

In the case of detecting a deterioration in the technical
condition of a vessel, the standard deviation of which is de-
termined from formula (3), the system performs an analysis
of the effectiveness of technical maintenance. If the technical
condition remains unchanged, direct collection and analysis
of data from the vessel’s equipment is carried out. Statistical
methods are used for data processing, in particular, calcula-
tion of average values, linear regression (4), or trend analysis

[1
o= ﬁzj\il(xi_'u)z’ 3)

where s is the standard deviation, X; is a single measured
value, m is the arithmetic mean value, N is the number of
measurements taken;

y=a-x+b, 4)

where a, b are linear regression coefficients, x is the indepen-
dent variable, y is the dependent variable.

When a decrease in the efficiency of the maintenance
system is detected, measures are taken to improve it, such as
changing work procedures or equipment operating modes.
At the same time, analysis (5) of the collected data from the
equipment is performed to identify anomalies or potential
malfunctions. When they are found, appropriate recommen-
dations are formed to eliminate these malfunctions

X -
Z:(Gi’u), (5)

where X is the controlled variable, m is the arithmetic mean,
s is the standard deviation.

One of the key aspects of the process is the documentation
of all results and the measures taken. At the final stage, the
parameters of the prescriptive technical maintenance model
are updated using the results of analysis (6), which is imple-
mented using machine learning methods based on data set
processing

2 N . ~
Qnew: old_a'NZ(yl(G)_yi)'VHyl(g)’ (6)

i=1

where q,4 — previous model parameters, q,., — new model
parameters, o - learning rate, }7(9) — predicted value depend-
ing on parameters q, Vy yl(G) - gradient of the forecasting
function. The gradient of the forecasting function is a vector
of partial derivatives of the predicted value of the technical
parameter for all model parameters. It determines the sensi-
tivity of the initial forecast to changes in each model param-
eter, which makes it possible to purposefully minimize the
error when training the model.

Our algorithm (Fig. 1) enables a comprehensive approach
to monitoring and managing the technical condition of cargo
vessel maintenance system, allowing us to effectively respond
to detected malfunctions, optimize processes, and improve the
overall efficiency of the system. The algorithm scheme (Fig. 1)
contains methodology that provides objective assessment,
analysis, and optimization of maintenance processes in order
to increase the safety, reliability, and operational efficiency of
a cargo vessel.

5. 2. Results of data acquisition regarding the techni-
cal condition parameters and parameters of the mainte-
nance system

The research was conducted based on the analysis of main-
tenance data on several types of vessel engines [39]. Table 1
gives potential technical condition parameters and diagnostic
parameters that determine the need for maintenance accord-
ing to regulations or according to condition. Similar tables [40],
within the framework of the system of comprehensive pre-
scriptive technical maintenance of cargo ships, are compiled
for all vessel technical equipment or their components. As part
of our research, a multi-level assessment of the effectiveness
of the proposed algorithmic support to prescriptive technical
maintenance processes based on the ShipDiMRO platform
was conducted. The main results were as follows: improving
the reliability of technical systems, increasing the efficiency
of maintenance planning, reducing downtime, and saving
operating costs.



At the first stage, a database of over 11,000 records of tech-
nical condition parameters was built, including:

- temperatures and pressures at the inlet and outlet of the
nodes;

- vibration amplitudes and frequencies;

- intervals between maintenance;

- actually registered malfunctions with categorization by
criticality.

Based on the time series, the degradation profiles of the
components for 12 key subsystems of the diesel engine were
formed. The results of cluster analysis revealed the most typ-
ical trajectories of changes in the technical condition, which
were used as input data for building forecasting models.
All parameters that are determined visually require special
instructions with a description of possible states. During
the inspection, the mechanic must compare the actual con-
dition of the equipment with the descriptions given in the
instructions and then give a "yes" or "no" answer for each
of the categories. If there are only two condition categories,
it is necessary to either estimate the residual resource or
apply methods for working with censored samples. If there
are more than two categories and the instructions do not
indicate information about the expected residual resource
for each category, it is also necessary to estimate the residual
resource. Currently, manufacturers usually do not provide
such information, but they can give recommendations on
the external condition of the parts, in which the parts can
once again work out the full period before the next mainte-
nance or repair. An example of this practice is the "Guide-
line For Reusable Part and Salvage Operation” series of
manuals that Caterpillar has prepared for service engineers
and customers.

Based on the results, the values characterizing the func-
tioning of the maintenance system were obtained for the
rate of change in the technical condition, which are given in
Table 1. The maintenance frequency corresponds to the values
established by the manufacturer’s instructions. The costs of
performing maintenance were determined as the sum of the
costs of labor at an hourly rate of USD 10 and the costs of
purchasing replacement parts. The costs of replacement parts
were determined based on the available information on the
cost of relevant parts, as well as their approximate resources,
thus distributing the costs of their replacement between sev-
eral consecutive operating cycles.

To determine the probability of preventing failure or not
reaching the limit state, data on the coefficients of variation of
the rate of change of the technical condition were used [12].

A feature of operational information is that, as a rule, the
manufacturer’s instructions contain only information about
the limit state, and not failure. Therefore, in operation, failure,
in most cases, in the absence of parametric signs of failure,
is defined as a functional type. This circumstance requires a
certain extrapolation of the process beyond the limit state to
the inoperable state. It was proposed above in such a situation
to make a number of assumptions to determine the mean time
to failure and the probability of failure prevention based on
known data for the probability of prevention of the limit state
and the mean time to it.

Namely, the mean time to the limit-allowable state can
always be determined from the known value of the unsatis-
factory state (a,s). The rate of change in the technical con-
dition (g), taking into account the relationship between the
average (Tag) and median times (T),) to the limit-allowable
state, through the coefficient (k,), is reported in [12].

Table 1

Technical condition parameters and diagnostic parameters

that determine the need for technical maintenance

Ship
techno- Technical condition Diagnostic
. Node
logical parameter parameter
unit
Oil seal The presence of a leak | Missing
1. Backlash: axial, Vibration ve-
radial. locity, vibration
Bearings 2. The presence of acceleration,
pitting of paths and | vibration shock
balls or rollers pulse
Centrifu- | Impeller and | Friction pair wear Pump suppl
gal pump | ring sealing | impeller-O-ring: gap P SUppLy,
. head
surface in the seal
Vibration ve-
locity, vibration
Impeller Impeller surface wear | acceleration,
vibration shock
pulse
Wear of a pair of ring- | Measuring
Cap surface, |caps:gapinthecap, |[airflow with
ring in height | ring height, groove a pneumatic
height, wear rate indicator
Wear of the sleeve-
ring pair: gap in the
Bushing lock, diameter of the | Visually, mea-
working sur- | sleeve, width of the | suring air flow
face, piston ring, appearance of | with a pneu-
rings the working surface | matic indicator
of the sleeve and
ring, wear rate
CPG Integri i i
grity of rings Visually, mea-
parts of Piston rines Integrity of rings. suring air flow
alow- & Mobility of the rings. | with a pneu-
spe.ed Ring fit matic indicator
engine Visually, mea-
. The nature of soot - :
Depositson |, - suring air flow
in caps, in blowout .
work surfaces | . with a pneu-
windows L
matic indicator
Qﬂ distribu- Groove edge mill Visually
tion grooves
Purge receiver | Nature of deposits Visually
The depth of damage
to the head, the
Piston head | condition of the sur- | Visually
face of the skirt, the
nature of deposits

Next, the normalized value of technical maintenance fre-
quency is determined

At

reg

= ATreg / Ty

Vg >

(7

This value can be used to determine the probability of not
reaching the limit state
solving the problem as reported in [41].

(5

pre

) using plots or tables [12] or by

Next, the hypothesis is accepted that the process of reach-
ing the inoperable state is a continuation of the process of
reaching the limit state [21]. It is also assumed that when the
limit state is reached, the probability of failure is 0.5, and the
limit state for the operator was assigned based on the proba-
bility of not reaching the critical level of the limit state with
g-probability [42]. Table 2 gives the assumed values of this
g-probability. In the cases where there was no information on
the time to failure, these assumptions were used.



Parameters of TM system for the main components of the Sulzer 6AL20 /24 marine auxiliary engine

Table 2

Parameters Engine cleaning Cyl;;iec:)rvzlln er Cor};‘;ﬁﬁg’; rod Frame bearings ngh-lngigre fuel Injectors
Ssen, USD 8700 200 1800 1450 300 150
ATy, h 10000 10000 10000 15000 5000 3000
Sthsd.n, USD 870 20 180 96.67 60 50
Ppre 0.806 0.9999 0.9999 0.9999 1 1
g, % 80 - - - - -
P 0.9806 0.9999 0.9999 0.9999 1 1
D 0.703 - - - - -
Tavg 15723 25200 34200 39700 15400 5950
K 8 8 8 8 8 4
S/T, 999 20 180 96.7 60 28.9
opt P 0.998 0.984 0.9998 0.9938 0.9963 0.731
opt DT g 9000 14000 18000 18000 9000 4500
opt S/T, 983 15.9 100 84 34.2 37.14
Risk/T, 146 0 0.04 0.04 - -
opt Risk/T. 15.5 15.9 0.08 4 0.99 0.25

The need to determine the probabilities of preventing
failures and the average time to failure is due to the fact that
it is necessary to separate the limit and inoperable states pre-
cisely from the point of view of the performance of functions,
which is a measure of the consequences of achieving the
corresponding state. In the case of reaching an unsatisfactory
state, it is necessary to plan the execution of TM. In fact, the
application of the above hypothesis means determining the
size of the region of unsatisfactory states, which lies between
the satisfactory and inoperable states.

The probability of preventing failure with a known proba-
bility of not reaching the limit state was determined from the
following formula

Py =1-(1- B, )-(1=7)-0.5. )

The need for such a hypothesis arose due to the lack of
data on failures. To assess the reliability of this result, an
expression for the binomial distribution with a known num-
ber of objects analyzed m and the number of failures that
occurred, n = 0, was used

D=C}-Q"-P™"=1-1-PJL. 9)

Next, the projected average time to failure is determined,
which represents its pessimistic estimate

T;vg = ATreg /At:;vg' (10)

The failure consequence coefficient (K) was adopted based
on the results of the analysis of insurance claims data as the
ratio of the maximum magnitude of the failure consequences
of the corresponding nodes to the total cost of one mainte-
nance. The failure consequence coefficient also includes the
cost of replaceable parts and the cost of labor [43].

The values of the specific costs for performing the relevant
work to maintain the functioning of the components (S/T,),
the costs for 1 thousand hours of operation for scheduled
maintenance (Sysqn) Were determined. The values of the
scheduled maintenance frequency (DT,,,) and the mainte-
nance frequency in the CPTMCV system (opt DT,,) were
determined, at which the minimum costs for performing

maintenance (opt S/T,) and the corresponding probabilities of
preventing this type of failure (opt P) are achieved. Table 2 gives
values of specific risks for the initial configuration of the
maintenance system (Risk/T,) and for the option of minimum
maintenance costs (opt Risk/T.). As can be seen, the value of
the specific risk is a sensitive parameter that describes the
properties of the maintenance system. In a number of cases,
a slight increase or decrease in planned costs entails a multi-
ple change in the magnitude of the risk [44]. Therefore, when
forming a maintenance system according to the criterion of
economic efficiency, the preservation of the preventive prop-
erties of the vessel’s maintenance system as a whole should
be checked by ensuring that the amount of predicted risks
corresponds to the accepted reserve in the budget.

When changing the maintenance terms, the principle of
multiplicity of some technologically related works should al-
ways be taken into account. For example, revision of the con-
necting rod bearings of auxiliary engines and motor cleaning
of cylinders, removal of cylinder liners, etc.

5.3.Results of evaluating parameters for the pre-
scriptive technical maintenance of a cargo vessel

This section evaluates the maintenance costs, risks, and re-
liability of the main components of the Sulzer 6AL20/24 aux-
iliary marine engine. The goal is to optimize the maintenance
intervals in order to reduce costs while maintaining high
reliability or additionally increasing it. The risks were assessed
for five critical components (injectors, bearings, valves, heat
exchangers, starting system elements). Using the binomial
distribution model, the probability of failure at standard main-
tenance intervals was estimated, compared with the adapted
ones (Table 2). Based on the data in Table 2, the cost-benefit
ratio of the optimization of the maintenance system was
formed. The results of this process are summarized in Table 3,
where opt Sy,sq. is the cost per 1 thousand hours of operation
in the CPTMCV system, Ck is the percentage of cost reduction.

According to the data in Table 2, an assessment of the
risk of failures was carried out during the optimization of the
maintenance system. The results of this process are summa-
rized in Table 4, where RISKjyq 5, is the risk during scheduled
maintenance, opt RISKy;sq.1, is the risk during maintenance in
the CPTMCYV system.



Cost-benefit ratio of maintenance intervals

Table 3

Parameters Engine cleaning Cylri:i:;ln er COIE;?;?S rod Frame bearings High_;;ﬁfigre fuel Injectors
Ssen USD 8700 200 1800 1450 300 150
ATpeg, h 10000 10000 10000 15000 5000 3000
opt DT g 9000 14000 18000 18000 9000 4500
opt S/T. 983.00 15.90 100.00 84.00 34.20 37.14
Sthsd.h» USD 870.00 20.00 180.00 96.67 60.00 50.00
opt Sinsd.n, USD 966.67 14.29 100.00 80.56 33.33 33.33
Cr, % -11.11 28.57 44.44 16.67 44.44 33.33
Table 4
Risks of failure
Parameters Engine cleaning Cyl;;iiigln e COILI;ZCIE?; rod Frame bearings High—;;‘s;s;;re fuel Injectors
Sthsd.h» USD 870.00 20.00 180.00 96.67 60.00 50.00
opt Sinsd.n, USD 966.67 14.29 100.00 80.56 33.33 33.33
RISKipsq.n, USD 146.00 15.90 0.04 0.04 0.00 0.00
opt RISK ipsd.n, USD 15.50 15.90 0.08 4.00 0.99 0.25

The results of the assessment of reliability trends are given
in Table 5 and Fig. 5, where P, is the probability of failure
prevention during scheduled maintenance, opt Py is the prob-
ability of failure prevention in the CPTMCV system, P, is the
change in probability.

The grouped histogram (Fig. 2) compares the standard and
optimized maintenance interval costs for each engine compo-
nent considered. In Fig. 2-6, the labels mean the following:

EC - engine cleaning, CLR - cylinder liner removal, CRB - con-
necting rod bearings, FB — frame bearings, HPFP — high-pres-
sure fuel pump, INJ - injectors.

The horizontal histogram (Fig. 3) shows the cost savings
from optimizing maintenance intervals.

To understand the long-term cost implications, a life cycle
cost assessment was conducted over 100,000 hours of operation,
the results of which are given in Table 6 and illustrated in Fig. 6.

Table 5
Reliability trends
Parameters Engine cleaning Cylinder liner Connect.mg rod Frame bearings High-pressure fuel Injectors
removal bearings pump
Ppyre 0.8060 0.9999 0.9999 0.9999 1.0 1.0
opt Ppyre 0.9806 0.9999 0.9999 0.9999 1.0 1.0
P, % 21.66 0.0 0.0 0.0 0.0 0.0
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The number of intervals of 1 thousand hours per life cycle
during scheduled maintenance is indicated in Table 6 as Tyc.
Cyc - cost of operations per life cycle during scheduled main-
tenance; opt Tyc — number of intervals of 1 thousand hours
per life cycle in the CPTMCYV system; opt Cc — cost of opera-
tions per life cycle in the CPTMCYV system; Sicc — savings per
life cycle in the CPTMCV system; SSpc — percentage of savings
per life cycle in the CPTMCYV system.

6. Discussion of results related to the algorithmic
support to prescriptive technical maintenance
of cargo ships

The failure risks and maintenance strategies of critical com-
ponents listed in Table 1, based on the analysis of component
criticality, outline several key points. The impeller faces risks
such as surface wear, cavitation erosion and imbalance, which
require regular vibration monitoring, visual inspections, and
hydraulic tests to maintain efficiency. The bearings are prone to
excessive shift, lubrication problems, and fatigue cracks, which
require condition monitoring, regular lubrication checks, and
load analysis to avoid failure. Deposits on the working surfaces
pose a threat of corrosion, clogging, and material fatigue, which
are addressed by periodic cleaning, endoscopic inspections, and
the application of anti-corrosion coatings. The working surface
of the sleeve and piston rings is prone to abrasion, improper
sealing, and overheating, which is prevented by checking the
surface hardness, proper lubrication, and precision machining
to ensure fit and clearance. The sealing surface of the impeller

EC CLR CRB FB HPFP INJ and ring is prone to deformation, material fatigue and improper
Fig. 5. Reliability trends: pre-failure and ultimate contact pressure, which can be controlled by seal inspections,
failure probability pressure testing and the use of modern sealing materials. Gen-
eral recommendations for prevent-
. Table 6 ing failures include implementing
Life cycle costs . ;
preventive maintenance and fol-
Engine | Cylinder liner | Connecting | Frame | High-pressure . lowing the recommendations of
Parameters . . . Injectors X N
cleaning removal rod bearings | bearings fuel pump the equipment manufacturers. This
Ssen USD 8700 200 1800 1450 300 150 is followed by drawing up failure
ATye, h 10000 10000 10000 15000 5000 3000 analysis protocols and the use of
Ty 10.00 10.00 10.00 6.66 20.00 33.33 sensors based on artificial intelli-
Cic, USD | 87000.0 2000.0 180000 | 96667 6000.0 50000 | 8ence and the Internet of Things
opt Tuc 1111 7.14 5.56 5.56 1111 2222 gort resl'“mfe mtomtt,orlmg ‘;rlld early
etection of potential problems.
opt Crc, USD | 96666.7 1428.6 10000.0 8055.6 3333.3 3333.3 .p P
S S The maintenance parameters
Lcc, USD -9666.67 571.43 8000.00 1611.1 2666.7 1666.7 of the main components of the
Spc, % -11.11 28.57 44.44 16.67 44.44 33.33 Sulzer 6AL20/24 auxiliary marine




engine provide key insights. Engine cleaning has the high-
est cost at USD 8,700. This is followed by frame bearings
(USD 1,450) and connecting rod bearings (USD 1,800). The
fuel injection system (injectors and high-pressure pump) has
the lowest cost (USD 150-300). Maintenance times vary, with
frame bearings requiring the most (15,000 hours) and injec-
tors requiring the least (3,000 hours). Engine cleaning is the
most expensive per thousand hours (USD 870/1,000 hours),
while injectors and high-pressure pumps are the least ex-
pensive (USD 50-60/1,000 hours). The reliability and risk
analysis reveals near-perfect values for the probability and
reliability of failure for most components, but engine cleaning
has the highest risk per maintenance cycle (146), highlighting
its criticality. The optimized intervals significantly extend
maintenance time and reduce costs by 1,000 hours, indicating
the potential for cost-effective strategies in most cases.

The results of our analysis, summarized in Table 3, in-
dicate that most engine components show significant cost
savings when switching to optimized maintenance intervals.
The connecting rod bearings and the high-pressure fuel pump
show the largest cost savings (~44.4% savings). Replacing the
cylinder liners reduces costs by 28.6%. Frame bearings save
about 16.7%, while engine cleaning increases costs by 11.1%
in the optimized scenario. Increasing the maintenance inter-
val to 9,000 hours instead of 10,000 hours results in an 11.1%
increase in costs, meaning that engine cleaning becomes more
expensive. This suggests that cleaning is a necessary process
and delaying it can lead to increased maintenance costs. The
connecting rod bearings and the high-pressure fuel pump
benefit the most from the schedule optimization, reducing
maintenance costs by 44.4% each.

Fig. 2 illustrates the increase in engine cleaning costs with
schedule optimization, indicating that increasing the service
intervals for this operation may not be cost-effective. Cylinder
liner removal, connecting rod bearings, frame bearings, and
high-pressure fuel pump all show significant cost reductions,
making optimization the right choice. The largest cost savings
are seen in the connecting rod bearings and high-pressure fuel
pump, with a significant drop in cost. Injectors show a slight cost
reduction, but it is less significant than the other components.

Fig. 3 shows that the connecting rod bearings and high-pres-
sure fuel pump show the largest savings, each reducing costs
by 44.4%. Cylinder liner removal (28.6%) and injectors (33.3%)
also show significant cost reductions. Frame bearings show
a moderate cost saving (16.7%). Engine cleaning actually in-
creases costs (-11.1%), indicating that optimization may not
be beneficial for this component.

The results of the risk analysis are summarized in Table 4
and illustrated in Fig. 4. They highlight the key findings for
components before and after optimization. Engine cleaning
achieved the most significant risk reduction (89.4%), with
the risk per cycle decreasing from 146 to 15.5, albeit with
an increase in maintenance costs. Cylinder liner removal
remained unchanged at 15.9 risks per cycle, indicating no
effect of optimization. However, optimization doubled the
risk of failure of the connecting rod bearings (from 0.04
to 0.08 per cycle). It also caused a sharp increase in risk for
the frame bearings (from 0.04 to 4.00 per cycle), indicating
that increasing maintenance intervals may not be advisable.
For the high-pressure fuel pump and injectors, the optimized
risk values are 0.99 and 0.25 per cycle, respectively, indicating
moderate risks despite the lack of initial standard values.

The reliability trend analysis (Table 5) reveals that engine
cleaning shows the largest change in probability (+21.66%).

In this case, the probability of failure increases from 0.806 to
a final probability of 0.9806, which highlights the importance
of regular maintenance to avoid system failures. Conversely,
all other components, including removable cylinder liners,
connecting rod bearings, frame bearings and the high-pres-
sure fuel pump, maintain almost 100% reliability over time,
demonstrating very low failure probability and high reliability.

A visual analysis of the reliability trends (Fig. 5) reveals
that engine cleaning experiences the most significant decrease
in failure probability. Starting at 80.6% reliability and increas-
ing to 98.06% over time, this highlights the importance of
regular maintenance to prevent unexpected failures. All other
components, including cylinder liner removal, connecting
rod bearings, frame bearings, and high-pressure fuel pump,
maintain a consistently high reliability of close to 99.99% or
100%. This indicates minimal risk of failure.

The life cycle cost analysis over 100,000 hours of opera-
tion (Table 6) compares the standard and optimized mainte-
nance intervals. Engine cleaning becomes 11.1% more expen-
sive, increasing from USD 87,000 to USD 96,667, making the
extended intervals uneconomical. However, other components
show significant savings. Cylinder liner removal reduces costs by
28.57% (USD 571). The connecting rod bearings and high-pres-
sure fuel pump save 44.4% (~USD 8,000 and ~USD 2,667,
respectively). Frame bearings are 16.67% (USD 1,611) and
injectors are 33.33% (USD 1,667). Overall, the optimiza-
tion results in a total savings of USD 4,849, indicating the
potential for cost-effective maintenance improvements for
most components.

A visual comparison of the life cycle cost (Fig. 6) high-
lights the differences between standard and optimized main-
tenance intervals over 100,000 hours of operation. While
engine cleaning becomes more expensive with optimization,
increasing from USD 87,000 to USD 96,667, the overall opti-
mization achieves a savings of USD 4,849. This demonstrates
the cost-effective potential of optimization for most com-
ponents. In particular, the connecting rod bearings and the
high-pressure fuel pump provide the largest savings of 44.4%.
The removal of cylinder liners and frame bearings also ben-
efit, saving 28.6% and 16.7%, respectively. This indicates that
increasing maintenance intervals is generally cost-effective for
these components and significantly improves maintenance
efficiency in terms of resource efficiency.

The proposed maintenance system achieved the following:

- reduction of total maintenance costs by 12-18%;

- increase in effective component resource by an average
of 15%;

- reduction of the number of unscheduled repairs by 22%
compared to the regulatory approach.

A detailed analysis revealed that the greatest savings are
achieved due to:

- avoidance of premature maintenance (up to 35% of the
total volume of procedures according to the regulation);

- timely detection of hidden defects that could lead to se-
rious emergency failures.

The algorithm for adaptive optimization of maintenance
intervals allowed us to set individual periodicity values for
each component, which allow for dynamic resource man-
agement, maintaining a balance between risks and costs. In-
stead of the fixed interval of 5500 hours, the system suggested
the following:

- 7300 hours for injectors (with low degradation),

— 4300 hours for bearings (with vibration anomalies detected),

- 6500 hours for valves.



Our research methods were tested on a real vessel of the
"General Cargo” type, where the ShipDiMRO system was
integrated into on-board diagnostic modules. Monitoring was
carried out for 9 months, including three scheduled mainte-
nance and one unscheduled repair, which became a control
case for assessing predictive accuracy. The actual detection of
a defect was predicted by the system 22 days before failure,
which allowed us to avoid the costs of towing and replacing
the unit in the open sea.

The algorithmic support to the CPTMCYV system proposed
in our study demonstrates a number of advantages compared
to known approaches to vessel maintenance based on sched-
uled intervals or simple limit control of parameters.

Unlike conventional scheduled maintenance, where inter-
vals are set based on averaged regulatory values without tak-
ing into account the actual technical condition, the proposed
approach makes it possible to dynamically adapt maintenance
intervals for each node based on individual degradation pro-
files. This is made possible by combining predictive monitor-
ing, time series analysis, and algorithmic optimization taking
into account cost and risk functions.

Unlike the approaches described in [15], which use hybrid
maintenance with fixed threshold values for initiating main-
tenance, this work proposes an algorithm that not only reacts
to exceeding critical values but also takes into account the rate
of parameter changes and probabilistic failure forecast, which
allows for proactive action. This result is achieved through the
use of residual resource estimation models and loss functions
based on insurance data.

Unlike digital solutions based on SCADA systems, which
focus mainly on visualization and data acquisition, the Ship-
DiMRO system includes a full analytical cycle: from data pro-
cessing and validation to the formation of specific recommen-
dations for technical intervention. This significantly increases
the level of automation of decision-making.

The key advantage of the proposed system is the integra-
tion of technical, economic, and risk-based analysis in a single
optimization algorithm.

Unlike solutions based on the use of only statistical analy-
sis methods (for example, in [10, 31]), where it is impossible
to take into account comprehensive relationships between
variables in real time, the use of advanced time series analysis
algorithms and elements of prescriptive analytics provides
a flexible response to changing operating conditions.

Our research results directly confirm that the problem of
the lack of comprehensive algorithmic support to prescriptive
technical maintenance of cargo vessels taking into account pre-
dictive monitoring, risks, costs, and reliability has been solved.
The system designed provides integration of monitoring, ana-
lytics, and optimization in a single algorithm, which makes it
possible to adapt maintenance intervals to actual operating con-
ditions, minimize costs and risks, and increase overall mainte-
nance efficiency. The quantitative results presented above serve
as a convincing evidence base for achieving the research goal.

The practical implementation of our results has made it
possible to improve the efficiency of cargo vessel operation
by optimizing maintenance costs, reducing the risks of mal-
functions, increasing the reliability of technical means, and
ensuring navigation safety. This was achieved by implement-
ing modern digital methods for monitoring and predicting
the technical condition of vessel systems and equipment in
the ShipDiMRO prescriptive technical maintenance system.

The limitations of the study are as follows. First, the tech-
nical condition assessment models are based on average oper-

ational parameters without taking into account extreme sea
conditions or non-standard vessel operating modes. Second,
algorithmic optimization does not take into account indirect
costs (for example, those associated with repair logistics or
port downtime), which may affect the accuracy of economic
assessments in comprehensive operational scenarios. Third,
the applied forecasting methods require a sufficient amount
of high-quality historical data, which limits the scalability of
the system to a fleet with an absent or fragmented monitoring
history. In further research, it is advisable to focus on adapting
the system to changing environmental conditions, multi-cri-
teria optimization taking into account indirect costs, as well
as integration with digital twins to increase the accuracy of
diagnostic models.

The disadvantages of the study include the limited val-
idation of the proposed algorithmic support only on Sul-
zer 6AL20/24 engines, which reduces the universality of the
results for a fleet with other technical characteristics. In addi-
tion, the built predictive models do not yet take into account
the accumulation of comprehensive errors during long-term
forecasting, which may affect the accuracy of decisions in the
long term. In some cases, insufficient consideration of the
human factor is possible when interpreting data and imple-
menting technical intervention, which limits the autonomy of
the system. Automatic adaptation of algorithms in the event
of a change in the design of equipment or operating condi-
tions has also not been implemented, which complicates the
use of the system in heterogeneous vessel systems without
prior tuning.

The development of this study may consist in developing
an adaptive version of the algorithms that can automatically
take into account changes in operating conditions, types of
vessel equipment, and load profiles. This is due to the fact
that real vessel systems are heterogeneous, and the stability
of the system’s efficiency in dynamic environments requires
increased flexibility and self-updating of forecasting models.

7. Conclusions

1. A cyclic algorithm for data acquisition, parameter
monitoring, and fault status determination of vessel techni-
cal equipment and structures has been developed, which is
integrated into the ShipDiMRO prescriptive technical mainte-
nance system for ships. A feature of the proposed algorithm is
the combination of primary processing and statistical analysis
of data using arithmetic mean values, standard deviations,
linear regression methods, and trend analysis, which allows
for prompt and accurate determination of the technical con-
dition of the equipment. This solves the problem of insuffi-
cient integration of such algorithms into actual maintenance
practice, which is typical of previous studies. The use of the
algorithm ensures an increase in the accuracy of forecasting
technical condition parameters by at least 15-20%, compared
to conventional regulatory approaches.

2. As a result of experimental studies, data on the techni-
cal condition parameters of vessel technical equipment and
structures as part of a comprehensive prescriptive technical
maintenance system have been collected and systematized.
A feature of our results is their comprehensive nature, which
includes both visual and diagnostic parameters, which makes
it possible to more accurately determine the need for mainte-
nance based on the condition, and not only on the schedule.
Owing to the systematization of such parameters, an increase



in the efficiency and validity of decision-making regarding
maintenance has been achieved, which is confirmed by the
example of Sulzer 6AL20/24 marine diesel engines. The pro-
posed methodology allowed us to reduce the time spent on
analyzing the technical condition by an average of 30-40%.

3. A comprehensive analysis of the costs, risks, reliability,
and efficiency of marine engine maintenance under a pre-
scriptive technical maintenance system has allowed us to
quantitatively assess the impact of optimizing maintenance
intervals on the operational characteristics of vessels. It has

in their interrelationships, which ensures an increase in the
operational efficiency of vessels in the long term.
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