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Abstract

The shipping business is severely tested to ensure the reliability of the propulsion
systems of the ship, particularly the main engine lubrication system, which is critical
in reducing wear, optimizing performance, and preventing costly failures. This thesis
presents a new failure analysis of a ship main engine lubrication system based on a
Monte Carlo Dynamic Event Tree (MCDET) approach, implemented in Python, to
simulate time-dependent failure behavior for a five-year operating lifetime. Whereas
static methods such as Fault Tree Analysis capture only the static failure sequence
development, the MCDET approach analyzes component-level failures (e.g., pump,
valve, and strainer malfunctions) and system-level hazards (e.g., critical low-pressure
value less than 2.5 bar or unwarranted high temperature greater than 81°C) by means
of probabilistic safety assessment. 30 run simulation of 2,500 trials each reveals a base-
line system failure rate due to cascading reasons such as, mechanical wear and tear,
and working stressors in the absence of safety strategies. Periodic maintenance
strategies, exposed to intervals between 30 and 360 days, show maximum
effectiveness in reducing failure rates, with the best reliability (4.80% system failure
rate) and cost-effectiveness being achieved at an interval of 60 days. The model
highlights the importance of dynamic risk analysis in maritime systems, supplying
failure prediction data and maintenance optimization. Limitations are the absence of
main engine data and missing environmental and human factors, hence future research
has to be conducted to integrate real-time sensor data, condition monitoring, and
human reliability analysis. This effort helps advance maritime risk management for
safer and more efficient propulsion systems in terms of compliance with regulations
such as SOLAS and MARPOL.

Key Words: Monte Carlo Dynamic Event Tree (MCDET), Main Engine Lubrication
System, Probabilistic Safety Assessment, Maritime Risk Management, Failure
Analysis, Maintenance Optimization, Marine Diesel Engine, System Reliability,
Dynamic Risk Assessment.
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MeptAnwin
Ewayoyn

H vovtimoxn Bopnyovio avipetonilel cuveyeic TpoKANGELS Yo TN SOCPAALCT) TG
a&lomoTiog Kol TG AoQAAELNS TOV GUOTNUATOV TPO®GCNG TAOI®MV, HE TO CVGTNUO
Mmavong tov KOplov Kivntnpo va arnotelel Pacikd ototyeio yio T peimon g eBopdc,
™ PertioTonoinon g amdd0oNS Kol TNV OMOTPOTH OUmTOvnpoOV amotuylov. H
TopoVc0, SIMAMUATIKY £PYAGI0 TAPOVGIALEL L0 KOVOTOHO OVAAVGT GITOTVYLOV TOL
oLOTNUOTOG Almavong kOplov kwvnmpa mhoiov, ypnowonowdvtog T HEB0dO
Avvapukod Aévépov ZvuPavtov Monte Carlo (MCDET), vAomompévn og Python, yia
TNV TPOGOUOIMON TNG YPOVIKNG €EEMENG OMOTLYLOV CE OACTNUN TEVIE ETOV. €
avtifeon pe Tig otatikég pebooovg, Omtmg Aévrpa I'eyovotwv (ETs), mov mepropilovton
OTNV KOTOYPAPT CGTATIKOV dAANAOVYIOV amotvyiag, N tpocéyyion MCDET avalvet
duvapkd tig PAaPeg oe eninedo eEaptmudtov (m.y. aviiiec, ParPidec, piktpa) kot
oLOTNUOTOG (T.). KpioUn YoauUnAn wigon <2.5 bar 1} vymAn Beppokpocio >81°C) péow
mBavoroykng agloddynong kvovvov (PRA). H pedétn otoyedel otn Pedtiotonoinon
TOV YPOVOSIAYPUULATOV GUVTIPNONG, TNV EVIGYLOTN NG ASI0TIOTIOG TOV GUGTHIATOC
kot ™V e€ac@diion coppudpemong pe debvelg kavoviopovg, 6mmg ot SOLAS kat
MARPOL, tpodyovtoc ac@oaAESTEPES KO ATOSOTIKOTEPES VO TIMAKES AEITOVPYIEC.

Kepaiaro 2: Biplioypagiki) Avackonnon

H Biproypapikr avackdnnon e&etdlel t1g vndpyovoeg pnebodoroyieg a&lordynong
KIvOOVOL KO TIG EQAPLOYES TOVG OTN VOV TIALOKT Propmyavia, E6TIA0VTOC GE GTOTIKES
Kol OUVOUKEG TTpoceyyioels. Ztatkég nébodot, Ommg n Avaivorn Aévopov Brapov
(FTA) «xat m  Avédivon Tpomov xou Emntdcewv Amotvyiog (FMEA),
YPNOOTOOVVTOL EVPEMS Y. TNV OVOAVLOT] VOUTIMOK®OV GUCTNUATOV, OTMG
OLOTNUOTO TTPOMONG Kol Almovong, oAAG Tapovctdlovy  MEPLOPICUOVS OTNV
amoTOTOON YPOVIKOV €EeAiEeV KOl OLVOLIK®OV OANAETIOPACEDV £EQPTNUATOV.
Avvapkég pébodot, 0nwg ta Alktva Bayes, ta Avvopikd Aévopa Zoppaviov (DET)
ka1 1 péBodog MCDET, mpoceépovv peyarvtepn akpipeta, dioitepa 6€ moAOTAOK
ocvotuata pe petaforidpeveg ovvinkec. H MCDET, ocuvvdvaloviag DET pe
npocopoldoel; Monte Carlo, €xst epoapuootel emTLYDC G TLPNVIKA Kot
0.EPOSIOGTNULIKG GUGTHLATO, GALG 1) YPNOT TNG OTN VOUTIMa elvar Teploptopuévn Adyw®
NG MOALTAOKOTNTOG KOl TNG avaykng vy extetapéva dedopéva. H avaokomnon
avadelkvoel kevd otn  PipAoypagia, OT®G TNV  TEPLOPIGUEVY] EVOOUATOON
TEPIPOALOVTIKAOV TaPpayOVTIOV (TT.Y. POPTIO. KUUAT®V) KOl avOpOTOYEVOV GOOAUATOV
(m.y. AavBoaouévn cuvtipnon), Kabdg Kol TV avaykn yio Suvapikég pebodovg mov
a&lomolovv dedopéva mpaypatikov xpovov. H gpyacio tonobetel to MCDET ¢ pa
TOALG VTTOGYOUEVT] TPOGEYYLOT), LKOVT VO KAADYEL QVTE ToL KEVA Kol Vo BEATUDGEL TNV
TPOPAEYN KIVOUV@OV Kol TN Sl ElpLoT GLVTIPNONG O VOUTIALOKE GUGTLATA.

Kepaiaro 3: Ocopntiké YropaOpo

To kepdrowo mapovstalel T dopun Kot Aeltovpyio TOL GLOTAHATOG Altavong KHPLOL
Kiyntnpa Kot Tig 0empntikég facelg e avdivong kivdovov. To cvotnua Alrovong,
mov mepthapPavel avtiiec, ParPioes, epidtpa, yoyeio kot deEaUevEG Aad10D, LEUDVEL
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mv P11, droyéel T Beppotra, eEovdetepmdvel 0&éa, amopaKpOVEL aKaOapcieg Kot
TPOGTATELEL OO T OAPP®ON EEUPTHOTA OTTWS O GTPOPAAOPOPOC, Ta ELPOAN KoL TOL
povAepdv. Amotvyieg, Omwg @payuéva @iltpo, PAAPeg avtAdv 1 dvoAertovpyieg
Yyuyeimv, UmopoLv va odnyNoovv oe younAn mieom 1 vynmin Beppoxpacia,
TpoKaA®VTOS unyaviky BAEPn 1 dlaxont Asttovpyiag. H mbBavoroywkn a&ioddynon
kKvovvov (PRA) mapéyet éva mAaiclo y v mocoTiKomoinon Kwodvev HECH
mBavotnTev arotvyiog Kot avarvong emntocewv. H pébodogc MCDET evoopatdver
duvapikd 0évdpa cuopPdavtov Yy T povteAlomoinomn ypovik®v eEeAiemv Kot
npocopoldcelg Monte Carlo yia T 6TaTIOTIKE OVOAVGT|, XPNCLOTOIDVTOG KATOVOUES
mBavottov (m.y. ekbetikn xatavoun ywo amotvyieg egapmmudtwv). To kepdioto
neplypaeset TG podnuotikég Pdoeig tov MCDET, ovumepiiapfovopévov tov
Sk adOoE®wV copPavtov (m.y. amotvyio avtiiag 11 ParPidag), twv mbavotntOV
petdfaong kot Tov mopapétpov vrofaduiong. Emumiéov, eényel ™ onpaocia tng
SUVOUIKNG VAAVGOTG Yo TV TPOPAEYT KPICIUOV KATAGTACE®V, OTMS XOUNAT| Tieo
N vepBEppavon, kot T cuvdeon pe kKavoviopovg omtmg SOLAS kot MARPOL.

Kepaiaro 4: Avarivon Movtélov

H oavdivon poviélov meprypagper t pebodoroyia g mpoocopoimwong MCDET,
viomompévn oe Python, yw v oa&oddynon tov ocvotiuatog Aimavonc. H
npocouoimon korvrtel tévte £t (1825 nuépeg), pe 30 kdiKhovg twv 2.500 dokiudmv,
ovvolkd 75.000 doxég, eEacparilovtag otatiotikn aétomiotio. [Tapakorovbovvrot
dvo kupleg petofantéc: mieon (oapywn: 4.5 bar) ko Oeppoxpocio (apywn: 45°C).
BLaPeg e€optnudrov, 6mmg avtiieg (mBavoétnta 0.0000048), BorPideg eicaymyng
(0.000049), eirtpa (0.00006075), yoyeia (0.0000032) kor avtokabapilopeva eiktpa
(0.00006072), emnpealovv avtég Tic petafAntéc. o mapddetypa, por peptkn PAGPN
avtMog peidvet v mieon kotd 0.20 bar ko avEdver T Oeppoxpacio katd 1.5°C, evod
o BAAPN yoyeiov av&aver ) Beprokpacio katd 4.0°C. Kpiowes kotaotaoelg (ticon
<2.5 bar, Oeppokpacioa >81°C) odnyovv ot dwokonn Asttovpyiag. H vroPdbuon
eCapmudrov, pe nuepnoto mapdyovto 0.000384, avéavet tig mBavoOTNTES AMOTVYI0G
Kkatd ~15% emoiong. [leprodikn cvvtnpnon, pe dwaotpata 30, 60, 90, 120, 180 1 360
nuepav, pelovel tig mhavotnreg katd 20-40%, pe toyaio mopdyovta GuVTHPNONG
(néoog 6poc 0.3, tomkn amdkAion 0.033). To poviého ypnowwonolel PiAodrkeg
NumPy kot Pandas yio vroloyiopovg kot koataypogr dedopévov o apyeia CSV, e
OOTELECUATO VO OTEWKOVICOVTOL OE 1OTOYPALIOTO, YPOPNLOTO THOVOTHTOV Kot
KOUTOAEG a&10MIOTIOG, TAPEYOVTOG AETTOUEPT] AVAALGT TG OLVOUIKTG GUUTEPLUPOPAS
TOV GLGTNUOTOC.

Kepaiarwo 5: Avaivon Amotviov ko Xrpatnyikés Meiomong Kivoovvov ya
Xvotipora Novtikav Kwvnmipov

To kepdraro mapovoidlet Ta aroterécpata e tpocopoimonc MCDET kot mpoteivel
otpotnywéc pelwong kwovvov. H Poaown mpooopoimomn, ympig pNyoviGHovg
acpdAelog, Kotéypoye mocootd anotvyiag cvotnuatog 37.28% (95% CI: 34.31%—
40.25%), vrodetkvdovtag vynAn evrddeio Aoy Unyoavikng eOopds Kot AEITOVPYIK®V
mécewv. H meplodikn cuvtpnon pelwoe onuovTikd outd 10 T0600TO, UE TO S1G0THLA
tov 60 nuepdv va emrvyydvel ™ youniotepn mbavotnta amotvyiag (4.80%),
BeAtiotomoiwvtag tv aflomotioo Kot To KO0TOC. lotoploypdupato  amotuyidv
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eCoapmudtov (my. avidiog, PoAPidag) xor ypagnuato mBovotntev £dei&av 0Tt
oLYVOTEPA SLOCTHHATO GCLVTINPNONG KAOVOTEPOVV TIG OMOTVYIES, EVAD 1| GLVTHPNON
kd0e 30 Muépeg MPooPEPEL aKOUN HEYOADTEPN aoPUAEWD (TOOVOTNTO OTOTVYIOG
3.95%). H avdivon koctovg, Paciopévn oe dedopéva amd tn Swedish Club (2023) ko
Moore Maritime Index (2024), vmoldyioe 10 KO6GTOC cvvtipnong ($1,430 ava
yeyovog), emtokevmv ($2,000 ava nuépa) kot amotuyidv ($650,000 avda mepiototikd),
emPefordvovtog 6t o drdotnua TV 60 NUEPOV EAUYIGTOTTOLEL TO GUVOAIKO KOGTOC.
[Tpotewodpeveg otpatnyikés meptlopfavouv: 1) meplodikn cuvrnpnon kdbe 60 nuépec,
2) eyKatdotaoT EPESPIKAOV OVIAIDOV Yo dStatrpnon mieong, 3) ypnon asntmpov yio
gykoupn aviyvevon Propov (my. dovnoel, Oepuoxpacio), kot 4) ekmaidevon
TANPOUATOG Y10 PElOT avOp®TOYEVOY GOEAAUATOV. AVTEG O GTPATNYIKES EVIGYDOLV
™V aflomoTio, HEWVOLV TO AEITOLPYIKO KOGTOG Kot gvBuypappilovior pe Tig
Bropmyovikég TpaKTIKEG KOl KOVOVIGLOVG.

Kegpararo 6: Zopnépacpo kar Merhovrikn ‘Epgvva

H gpyacia katadeuvoet 6t 1 pébodog MCDET mpocpépet pia 1oyvpn Kot EVEAMKTN
TPOGEYYIOT Y10 TNV OVAALGT OTOTVYLDY TOV GUCTHLOTOS AlToveng KOPLOL Kivntipa,
BeAtiovovtog v axpifela TpdPfreyne kvovvov kotd 12% oe oyxéon Le OTOTIKEG
uebodovg onwg to ETs. H ocvvimpnon kéBe 60 nuépeg emrvyydver ™ Pértiom
wooppomia a&romotiag (4.80% mbBavotnta anotvyiog) Kot KOGTOVG, LELOVOVTAS TOV
KIvOUVO  KOTOOTPOPIKAOV PAafodv kot gubuypapuldpevn He TIC TPOKTIKEG TNG
voutiiokng Bropnyovias. Tlapd tovg mepropiopods, Onmg n EAAEWYN EUTEPIKOV
dgdopévav, N un TAPNS EVOOUATOON TEPPUALOVTIK®OV (TT.Y. POPTio KUUAT®V) Kot
avOpOTOYEVOV TOPayOVI®V (Y. GEAALATO TANPOUATOS, ToL gvBHVovToL Yo ~15%
TOV ITOTVYLDV), KOl 1) TEPLOPIGLEVN OlApKELD Tposopoimong (5 €tn), n perétn Bétet
g Pacelg vy mponypévn Olayeipion kwdvvov. Ilpotewvdueveg katevfHvoelg
LEALOVTIKT|G €pevvag Teptlapfavouv: 1) enéKTacT TG TPOGOUOIMONG Yo TV TANP
dwapkela {ong tov mhoiov (20-30 £tn), 2) evoopdtmon dedopévav acdntmpov o
TPOYUATIKO XpOVO Yoo OLVOUIKT Tpocapuoyn mloavotntov, 3) povtelomoinom
TEPPOAAOVTIKOV Ko avBpomoyevdv Ttapayoviov pécwm Aviivong AvOpwmoyevoic
A&omotiag (HRA), 4) epapuoyn teqvik®dv punyoavikng pddnong (m.y. toyxoio 6don,
VELPOVIKA diKTVA) Yo TPOPAEYT ATOTVYLDOV Kot BEATIOTOTOINGCT GLVTHPNONG, Kot 5)
EVOOUATOON KavoVIGL®V, 0Tte¢ To Carbon Intensity Indicator (CII) ko Ta Sustainable
Development Goals (SDG), yio. TV a&loAdynon tepBorAlovVIiKOV EMATAOGEOV. AVTEG
Ol TPOCEYYIOELS UMOPOVV VO, TPOAYOVV OGPAAESTEPO, OMOOOTIKOTEPO KOl PBlOCI0
VOUTIMOKG cLoTAHOTO, cOpeove pe debvelg kavoviopovg ommg SOLAS ko
MARPOL.

AgEec-Kherdna: Monte Carlo Dynamic Event Tree (MCDET), Xbotua Airavong
Kopiov Kwnmpa, ITiBavoroyikr) Aoldoynon Acpdieiag, Awayeipion Novtidiakon
Kwdvvov, Avaivon Amotuyiodv, Bektiotonoinon Zvvripnong, Navtikdg Kuvntipog
NrileA, ASomotio Zvothpatog, Avvoutkn ASoadynon Kiwvovvov.
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Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

1. Introduction

1.1. Background and Problem Statement

The marine industry faces significant challenges in adopting new technologies to
improve operational efficiency, safety, and environmental protection. Nonetheless,
research is ongoing and new solutions are emerging that, while striving to protect
human life and marine ecosystems, are at a fraction of the price and help to avoid
catastrophic failures. New developments in fields such as data science and machine
learning, which characterize the fourth Industrial Revolution, simultaneously help
make new methods for risk assessment and system optimization available. These fast-
developing fields provide frameworks that, in spite of their complexity, could be
simplified in maritime applications and are in accordance with today's technical
landscape of the industry.

In marine operation, the reliability and dependability of a ship's propulsion system
including the primary engine lubrication system is crucial. This system reduces wear
in engine components, optimizing engine performance and preventing malfunctions
from disrupting the day-to-day activities. However, it is still a significant fraction of
engine failures that leads to quite worrying delays & considerable cost. When these
same failures occur, they can create major amounts of excessive friction and
overheating in critical areas such as the crankshaft, pistons and bearings, leading to
catastrophic mechanical failures. These problems, which cause delays and cost a lot of
money, can be valve failures, pump problems or oil pollution. Considering the
complexity of the lubrication system, its dependence on subsystems such as the sump
tank, the pumps, and valves, it is crucial to validate that an adequate risk assessment
methodology is followed for the prediction of failure scenarios and for the
development of the right maintenance plan.

This thesis analyzes failures of main engine lubrication systems using a probabilistic
risk-based approach, via Dynamic Event Trees (DETs), that provides a definition of
the failure sequence on time, alongside their dependencies. Static analytical tools do
not allow for decisions made based on capturing the dynamic evolution of failure
events, and defining risk as the interplay of probability and consequence. Following
from a reliability-based study of a water tank of a nuclear reactor, this study looks at
primary failure mechanisms around the lubrication system and its subcomponents
(elements to maintain the stability of circulating oil) via a DET framework in Python.
Oil/ lubrication system is a system of various components. The study here addresses
the failure prediction and the maintenance challenge, with the expectation to improve
safety and cut cost.
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1.2. Structure of the Thesis

Chapter 2: Literature Review — Surveys existing risk assessment methodologies and
their maritime applications.

Chapter 3: Theoretical Background — Outlines the lubrication system and risk analysis
principles.

Chapter 4: Model Analysis — Describes the MCDET simulation methodology.
Chapter 5: Failure Analysis and Mitigation Strategies for Marine Engine Systems —
Presents simulation results and mitigation strategies.

Chapter 6: Conclusion and Future Work — Summarizes findings and proposes future
research.

2. Literature Review

2.1 Dynamic Event Trees (DETSs)

Since the late twentieth century, safety assessment methodologies have advanced,
developing the Dynamic Event Tree (DET) framework which is well-suited for
describing time-dependent failure of complex engineering systems. The initial efforts
combined event tree analysis with nuclear safety contexts to establish a fundamental
methodology that enhanced reliability assessments through sequential event
dependency within a system — a prerequisite for dynamic modeling techniques
(Amendola, 1981). Meanwhile, the evolved static foundation from PRA framework
concentrates on temporal linkages to expand knowledge system behavior under
operational phases particularly for high-risk industries (Rausand & Heyland, 1994). A
new conceptualization, Dynamic Event Trees (DETs), emerged, which described
dynamic pathways of failure interdependencies; this was in direct response to the
inability of static analysis tools such as Fault Tree Analysis (FTA) to model cascading
failure interactions and was soon suggested for adaptation in safety-critical domains
including aerospace and nuclear (Andrews & Dunnett, 2000).

Combining DETs with decision graphs extended their predictive scope, allowing for
the integration of uncertainty-based decision-making and broadening their utility
across engineering disciplines—a methodological leap forward (Jensen & Nielsen,
2007). Monte Carlo simulations were then used to estimate DET probability with
errors of less than 5%, increasing the precision of dynamic failure analysis for systems
that require robust risk quantification, such as those with cascading failure potential
(Rao et al., 2009). These advancements addressed computational hurdles in
complicated risk modeling, mirroring the sophistication exhibited in Bayesian network
applications and signaling a move toward data-driven reliability evaluation
(Chemweno et al., 2018). Subsequent advancements incorporated DETs into PRA
methodologies, emphasizing their importance for maritime systems where event
sequencing has a significant impact on outcomes, such as propulsion reliability under

various operational stresses such as heavy weather or long voyages (Smith & Johnson,
2019).
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A hybrid technique combining DETs and Markov Chains achieved 95% accuracy in
predicting time-evolving failures, making it a reliable tool for systems such Bayesian
inference was used, which reduced uncertainty by 18% and improved risk
quantification in dynamic scenarios, increasing DETs' reliability for real-world
applications (Li et al., 2021). A Python-based DET framework was created to simulate
valve and pump failures in a water tank, which this study modifies for sump tank
analysis, demonstrating DETs' adaptability in capturing time-dependent failure
dynamics that are critical for maritime propulsion reliability (Liu, 2020).

2.2 Dynamic Event Trees in Shipping

Risk assessment approaches in maritime engineering have advanced substantially
since the early 2000s, with Dynamic Event Trees (DETs) emerging as a critical tool
for studying time-dependent failures in shipping systems. Risk-Based Maintenance
(RBM) was proposed to optimize maritime heating and ventilation systems, using
likelihood and consequence to reduce operational downtime by up to 20%, laying the
groundwork for dynamic methods (Khan & Haddara, 2003). Risk-based inspection
(RBI) planning was developed for fatigue-prone steel structures, providing
probabilistic procedures applicable to ship hulls and laying the groundwork for DET
methodology in marine environments (Straub & Faber, 2005). A reliability and risk-
centered maintenance (RRCM) framework was created, using offshore oil and gas case
studies to demonstrate time-dependent risk modeling suitable to maritime machinery
dependability—a prerequisite to DET implementation (Selvik & Aven, 2011).

Risk management solutions for maritime transport were proposed, providing a
theoretical foundation for dynamic instruments such as DETs to mitigate propulsion-
related hazards—a critical step toward improving engine system resilience under
operating loads (Ventikos, 2012). Fault Tree Analysis (FTA) was used to examine
engine lubrication system dependability, revealing pump and valve failure rates above
1073 per hour. This data can be further refined using DETs to identify failure sequences
(Anantharaman & others, 2014). Static probabilistic models were applied to diesel
engine subsystems, establishing the framework for DETs' temporal analytic
capabilities in maritime applications, namely for propulsion components (Dikis et al.,
2014). Naval vessel maintenance scheduling was optimized using risk-based
probabilistic approaches, resulting in a 15% reduction in propulsion downtime—a
methodology that can be applied to DETs to enhance scheduling accuracy for
important interventions (Cullum et al., 2018).

A dynamic hull inspection model used Bayesian networks, closely related to DETs, to
simulate degradation over time, increasing resilience by 20% and demonstrating the
possibility of dynamic risk assessment for ship structures under environmental stress
(Ventikos et al., 2018). DETs were applied to marine power systems, reducing risk
estimation errors by 12% and demonstrating their efficacy in simulating sequential
failures, such as lubrication disruptions, critical to propulsion reliability (Kabir et al.,
2020). A Python-based DET model simulated valve and pump failures in a water
tank—a methodology this study adapts to analyze shipping lubrication systems,
highlighting DETs’ growing role in providing dynamic insights into maritime
propulsion reliability (Liu, 2020).
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2.3 Lubrication System

Research on marine diesel engine lubrication systems has progressed steadily since the
late twentieth century, driven by their important role in ensuring propulsion reliability
and the ongoing challenge of preventing disastrous breakdowns. Early experiments
focused on wear debris in diesel engine oil, establishing fundamental linkages between
lubrication quality and component degradation, with wear rates increasing by 20%
under poor circumstances, paving the way for extensive failure analysis relevant to
maritime systems (Jones, 1983). The effect of diesel soot on oil was investigated,
demonstrating a 25% increase in wear due to viscosity loss—an early insight into the
degradation mechanisms affecting sump tank performance under operational stress
(Gautam et al., 1999). Industry recommendations recognized soot and water
contamination as contributors affecting lubricating film strength by up to 30%,
emphasizing the importance of systematic monitoring to minimize engine damage
(CIMAC, 2004).

Changes to viscosity due to soot were evaluated and linked to accelerated bearing wear
in heavy-duty engines—a discovery that applies to maritime propulsion systems which
rely on consistent oil flow to crucial components such as bearings and pistons (George
et al., 2007). Aspects of lubricant chemistry/treatment were considered, indicating that
some additives appear to mitigate degradation experienced in marine diesel engines,
with the stability of the sump tank significant to achieving circulation across
crankshafts, camshafts, and turbochargers under high-load scenarios (Woodyard,
2009). Static Bayesian networks were developed to diagnose heavy-duty diesel engine
faults from oil analysis and contamination, supporting early decision-making for
predictive maintenance through wear predictors (Morgan et al., 2010). This resulted in
a determined threshold of 0.5% water content after which, the rheology of the oil
significantly worsens, increasing the probability of failure of engine components that
are dependent on the output from the sump tank, a vital property for stable circulation
(Harika et al., 2011). User guidelines recommended regular oil analysis to detect
pollution that is causing piston and liner damage-essential for maintaining sump tank
integrity in hostile maritime settings (CIMAC, 2011).

Lubricant technology discussed sump tank capacity (500-1000 L) and its importance
in maintaining flow stability, with valve dependability recognized as a significant
factor—failure here disrupts pressure and threatens oil starvation throughout bearings
and cylinders (Srivastava, 2014). Anantharaman et al. (2014) used Fault Tree Analysis
(FTA) to quantify lubrication failure rates, identifying pump and valve difficulties at
1072 per year. This data is dynamically enhanced by DETs to predict sump tank failure
sequences (Anantharaman et al., 2014). Viscosity dynamics under sediment loads were
examined, establishing a relationship between sump tank conditions and cavitation
risks—conditions appropriate for DET temporal modeling to anticipate pump failures
(Singh et al., 2015). Oil trends were combined with life-cycle cost analysis to optimize
drain intervals and reduce engine damage risks—a useful technique for sump tank
maintenance scheduling and cost-effective failure prevention (Langfitt & Haselbach,
2016). A hidden Markov model predicted oil life using ferrograph data, identifying
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sump tank sediment building before pump cavitation—an advanced monitoring
strategy that may be used to DET frameworks (Du et al., 2017).

Inadequate lubrication caused crankshaft and bearing failures in maritime V12
engines, costing an average of $650,000 per incident, highlighting the critical role of
the system, a high-stakes failure event for propulsion (Swedish Club, 2023).
Autonomous ships face high risks from sump tank valve failures that reduce pressure
below 3 kg/cm? DETs can predict escalation patterns and ensure unobstructed oil
delivery to each component (Allal et al., 2018). Sump tank operations were described,
highlighting a 50-100 L/min flow rate and valve-pump interdependence, with failures
unsettling circulation stability in ways similar to water tank dynamics—offering a
methodology that improves DET-based failure prediction for maritime propulsion
systems (Agarwal, 2018). Operational factors such as corrosion and residue buildup
were investigated, and failure rates increased by 15% over a period of five years. This
is especially relevant to sump tanks in double bottoms, where exposure to seawater
and sediment increases the risk of oil degradation and valve failure (Zhang et al., 2021).
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3. Theoretical Background

3.1. Lubrication System Overview

A marine diesel engine is a highly sophisticated machinery system. The majority of
commercial conventional ships use 2-stroke diesel engines, while some, particularly
smaller vessels, use 4-stroke. Main engine lubrication system failures are the most
expensive and common cause of mechanical damage. As a result, an effective engine
lubrication management system is imperative.

Lubrication is crucial for all types of equipment on board of a vessel. The importance
of lubrication oil (CIMAC, 2004) is stated for the following primary reasons:

e [t lubricates the engine by forming an oil film between metal surfaces that can
resist the applied loads while preventing metal-to-metal contact and friction.
This mechanism protects engine compartments from severe wear and prevents
abnormal temperature increases.

e [t distributes heat from metal surfaces to the engine's main body, cooling the
engine while it runs and protecting it from excessive temperatures that can
cause metal deformation.

e [t neutralizes acids created mostly during combustion, which can be
exceedingly corrosive.

e [t cleans the engine’s internal surfaces from impurities and metal elements,
driving them out of the engine.

e [t aids in the prevention of rust and corrosion on internal surfaces, hence
increasing the life of engine components.

The aforementioned functions play a very important role in the engine’s operation.
This is easily understood as loss of lubrication can lead to metal-to-metal interaction
causing wear and excessive overheating of components. Furthermore, acidic corrosion
can lead to serious damage in engine parts and complete failure will be a matter of
time.

3.1.1. Type of Lubrication Systems

e Hydrodynamic Lubrication: In this system, a continuous lubricant film forms
between moving surfaces due to their relative motion and the resulting
pressure, typically 2-5 bar in main engines. For example, journal bearings in
main engines rely on hydrodynamic lubrication; as the crankshaft rotates at
100-150 rpm, a wedge-shaped oil film (0.02-0.1 mm thick) supports it against
the main bearing. Thrust bearings with tilted pads use this mechanism to handle
axial loads, but film failure risks seizure under high torque (Srivastava, 2014).

e Hydrostatic Lubrication: When relative motion is insufficient to generate an oil
film, external pressure (e.g., 10-15 bar via pumps) is applied to create
lubrication. This method is common in slow-moving, heavy components where
self-generated pressure is inadequate—failure here can lead to scoring (George
et al., 2007). For instance, crosshead bearings often require an auxiliary pump
to supply the necessary oil pressure for effective lubrication.
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e Boundary Lubrication: This occurs when a thin lubricant film (microns thick)
exists between surfaces, allowing occasional contact. It is typically used in low-
speed, high-pressure scenarios or when surface roughness is present. For
example, boundary lubrication is prevalent during the startup and shutdown
phases of main engines.

e Elastohydrodynamic Lubrication: This type involves the elastic deformation of
surfaces under high pressure (up to 1000 bar), creating a thicker lubricant film.
It is commonly observed in rolling or sliding components, such as rolling
contact bearings and gear teeth meshing, where pressure significantly affects
the lubricant film thickness.

The main engine lubrication system consists three (3) sub-systems, which are separate
from each other (Figure 1).

1. Main lubrication oil system
2. Turbocharger oil system
3. Cylinder oil system

BACK FLUSHING
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Figure 1: Main lubrication oil system of a marine diesel engine
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3.1.2 Main Lubrication Oil System

Marine diesel engines function on the same basic principles as a normal piston engine
(Agarwal, 2018). Fuel is burned inside the cylinders and the energy generated is
distributed as kinetic energy through the pistons and piston rods. Crossheads, sliding
in parallel with the pistons, provide resistance against horizontal forces, while
transferring energy to the connecting rods. It then translates that motion through rods
down to the crankshaft, which turns it into a rotational movement at a specified power
and speed. A typical arrangement of the sections of a marine diesel engine are shown
below (Figure 2).

Turbocharger
Piston
Cylinder
Piston rod
Crosshead
Crosshead guides bearing
Crosshead

Connecting rod

Bottom end
bearing
Main crank o~
shaft bearing
Crank shaft

Figure 2: Typical marine diesel engine section arrangement

The lubrication system for the crankcase is facilitated by one of two pumps, where one
pump is operational while the other remains in a standby mode, configured for
automatic activation in the event of a decrease in lubrication oil pressure or a failure
of the primary pump. The main lubrication oil pumps draw their intake from the
primary engine sump tank and expel oil through the main lubrication oil cooler, which
effectively dispels excess heat. A backflushing filter unit, equipped with a magnet,
helps in the removal of any metallic debris. The plate-type lubricating oil cooler is
cooled by the low-temperature central freshwater cooling system.
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The supply pressure within the principal lubrication system depends to the design
specifications and operational requirements, typically averaging around 4.5 kg/cm?.
The lubrication oil supply to the cooler is regulated through a three-way valve, which
permits a portion of the oil to avoid the cooler. This three-way valve ensures that the
lubrication oil inlet temperature to the engine is maintained at the required levels
(around 45°C). The main lubrication oil system is responsible for delivering oil to the
main bearings, camshaft, and camshaft drive mechanisms.

Furthermore, with the help of piping arrangements lubrication oil is transferred to the
crosshead from where it does the below functions (Figure 3):

e Distribute oil to the piston rod

e [Lubricate the crosshead bearing

e Distribute oil to the hydraulic power supply unit (HPS) for the proper operation
of the exhaust valves, thrust bearing and the torsional vibration damper.

MARINE 2 - STROKE ENGINE
LUBRICATION SYSTEM

4 ‘ |
Telescopic Pipe_'_\]
e )
=

Swinging Arm - o !
/,_. s ‘. 2] Crosshead/

Crosshead/ Piston

L.O Supply—\c A L.O Supply

Piston

.
- | -

. . ) g
Main Bearin Main Bearing
L.O Supply L.O Supply

SULZER/WARTSILA ENGINE P MAN B&W ENGINE
Figure 3: Pipe arrangement for lubrication oil inside a marine diesel engine: MAN B&W engine (left), WARTSILA
engine (right)

The lubrication system of the main engine incorporates a subsystem that varies
depending on whether the engine is camless or equipped with a camshaft. In camless
engines, a branch from the main engine’s lubrication oil inlet is connected to the
hydraulic power supply (HPS) unit. The HPS unit manages the hydraulic operation of
fuel injection and exhaust valve actuators, in addition to powering the cylinder
lubrication mechanisms. In engines with a camshaft, the lubrication system supplies
oil to the camshatft roller guides and bearings (Agarwal, 2018), which are responsible
for operating the exhaust valves and fuel pump.
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Main Engine Lube Oil Sump Tank: The lube oil sump tank is situated beneath the
engine within the double bottom and is enclosed by cofferdams. It includes a sounding
pipe to measure the lubrication oil level in the sump and another to detect leaks in the
cofferdam. The sump tank is equipped with several components, such as a level
indicator, an air vent pipe, a heating steam coil, manholes, a suction pipe, and valves
for the lubrication oil (LO) pump and purifiers.

3.1.3. Turbocharger Lubrication System

The turbocharger’s lubrication system may operate independently or be integrated with
the main engine’s lubrication system, depending on the design. A dedicated filtration
system, often a duplex filter, is essential for turbocharger (TC) lubrication. After
passing through the duplex filter, the lubrication oil (LO) is directed to the
turbocharger’s inlet manifold. A sight glass at the LO outlet ensures continuous oil
flow. During normal operation, a steady supply of LO is maintained to the
turbochargers to ensure their functionality and prevent damage. Even when the engine
is shut down, LO supply must continue, as natural air draught can cause the
turbocharger (Figure 4) rotor to spin, necessitating proper lubrication of the bearings.

Compressor outlet

O inilet

Rotor shaft

Comprassor wheel

Turbine outhat Compressor inlet

Turbine mnlet il return

Figure 4: Design of an engine's turbocharger

Page | 20



Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

3.1.4. Cylinder Qil System

The cylinder oil system constitutes a separate system from both the primary lubrication
system and the lubrication system associated with the turbocharger. This system is
specifically dedicated, as its name suggests, to the principal components of the engine,
namely the cylinders, cylinder liners, pistons, and piston rings.

The up and down motion of the pistons within the cylinder liners requests the provision
of adequate lubrication. Cylinder oil not only establishes a sufficiently thick lubricating
film to avoid metal-to-metal contact between the piston rings and the cylinder liners
while simultaneously diminishing friction, but it also possesses several additional
significant functions (CIMAC, 2011). Primarily, it serves to dissipate heat from
elevated surfaces, thereby preventing overheating; secondarily, it possesses the
capability to neutralize the highly acidic by-products of combustion, thereby
mitigating corrosive wear.

3.2. Risk Analysis

The methodology of risk analysis was initially applied in scientific fields such as
aerospace and nuclear energy—sectors where the consequences of potential deviations
are extensive and hazardous. Over the years, it has expanded into different scientific
domains, including maritime operations driven by complex machinery and unforgiving
seas (Rausand & Heyland, 1994). This methodology essentially focuses on an
unwanted event, taking into account both the uncertainty surrounding it under study
and the consequences arising from it. Consequently, it assesses the risk of an undesired
event, making it a reliable decision-making tool. Various efforts have been made over
time to define risk analysis. The Risk Analysis Society provides the following
definition: "A systematic method aimed at understanding the nature of risk and
expressing risk using the available knowledge." An alternative approach to the concept
of risk is provided by ISO (ISO, 2011), which defines risk as: "The process of
identifying and analyzing the risks faced by individuals, businesses, and governmental
organizations that are threatened by natural and human-induced adverse events." Born
from ISO 31000:2009, this captures everything from storms to system breakdowns—
flexible for shipping’s chaos.

In recent years, the subject of risk management and analysis has been widely studied,
and various analytical methods have been developed for an interdisciplinary approach
to the issue. More specifically, a particularly significant approach was implemented by
Garvey (2009), who focused on risk management in engineering and, by extension, in
various mechanical systems. Cox (2009), in turn, conducted research on quantitative
risk analysis, internationally known as Probabilistic Risk Analysis (PRA).
Additionally, he studied the management of risk uncertainty in the fields of healthcare
and complex mechanical systems.

Another interesting approach is that of Leitch (2010), who defined the risk analysis
process as a combination of three steps, risk identification, analysis, and assessment.
This framework was established under ISO 31000:2009. However, the general and
practical regulations governing risk management according to ISO were recorded and
analyzed in detail much earlier by Petch & Rodger (1999).
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These general frameworks find particular relevance in maritime contexts, where risks
like propulsion failures or lubrication system breakdowns threaten operational safety
(Ventikos, 2012). Shipping’s blend of environmental hazards and mechanical
complexity calls for tailored risk analysis—often dynamic in nature—to manage
uncertainty and avert costly disruptions (Kabir et al., 2020).

3.3 Risk Analysis in Shipping

Risk analysis in shipping consists mechanical complexity and environmental chaos,
where breakdowns can escalate into groundings, oil spills, or worse—racking up
millions in losses or claiming lives (Ventikos, 2012). Unlike aerospace or nuclear
fields, maritime operations face relentless threats: storms hurl 10-meter waves,
corrosion problems at hulls, and propulsion systems—Ilike diesel engines—endure
strain without stopping (Straub & Faber, 2005). Early approaches relied on static tools
like Fault Tree Analysis (FTA) to chart engine failures—a pump’s 103/hour odds, for
instance—but these faltered against time-shifting risks, like a sump tank clog unfolding
over days (Anantharaman et al., 2014).

Shipping’s unforgiving nature amplifies these hazards. A lubrication failure in a main
engine, for instance, might begin with a clogged filter reducing oil pressure—a minor
hiccup with a 0.01 probability per voyage (Gomes et al., 2018). Left unchecked, this
cascades: crankshaft bearings overheat within hours, seizing the engine by day two,
halting propulsion mid-storm, and risking a grounding by day three if currents push
the vessel ashore. Repair costs for a seized crankshaft can hit $100,000 per incident,
excluding downtime or spill cleanup. Another example involves turbochargers—
corrosion or fatigue cracks under wave-induced loads (Straub & Faber, 2005) can cut
power by 30%, triggering a failure chain: reduced speed, off-course drift, and collision
with hazards like reefs, with losses potentially reaching $5 million in damages and
fines (Cullum et al., 2018).

Historical data underscores this volatility. The International Maritime Organization
(IMO) reported ~1,200 serious shipping incidents annually from 2014-2019, with 15%
tied to machinery failures—over 180 cases yearly (International Maritime
Organization, 2020). Oil spills, though rarer, averaged 5—10 major events per year,
with costs soaring past $50 million per incident (Cullum & others, 2018).
Environmental factors compound these odds: storms with Beaufort scale 8+ winds
(62—74 km/h) strike ~20% of global shipping routes yearly, accelerating wear on hulls
and systems (Ventikos et al., 2018). Propulsion and lubrication issues rank among the
top mechanical culprits, with Ventikos (2012) flagging engine hazards as priority
targets for risk tools tracing failure sequences—Ilike a valve malfunction slashing oil
flow.

By the early 2000s, shipping’s risk demanded overcoming basic fixes. Khan &
Haddara (2003) rolled out risk-based maintenance (RBM) for heating and ventilation,
reducing downtime by 20%—which led the way for a wider use. Straub & Faber (2005)
sharpened risk-based inspection (RBI) for hull fatigue, wielding probabilistic models
to forecast cracks under wave battering—extendable to turbochargers or pumps. Selvik
& Aven (2011) brought reliability-centered maintenance (RCM) from offshore oil,
targeting engine parts where wear builds up over months—key for long voyages. These
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methods, though effective, struggled with temporal dynamics—e.g., a pump’s wear
over weeks versus FTA’s static odds (Anantharaman et al., 2014). For instance, RBI
forecasts hull cracks but misses how corrosion accelerates under storm cycles,
necessitating time-sensitive models (Straub & Faber, 2005).

Regulatory pressure enlarges the stakes—International Maritime Organization (IMO)
codes, like SOLAS, mandate risk assessments for safety and emissions, pushing
shipowners to quantify threats (Ventikos et al., 2018). A 2018 bulk carrier engine
failure off Norway cost $10 million in claims, underscoring economic urgency for
robust risk tools (International Maritime Organization, 2020). Cullum’s team cut naval
propulsion downtime 15% with probabilistic scheduling, while Kabir et al. (2020)
honed dynamic models for power systems, slicing risk errors by 12%—hinting at tools
like Dynamic Event Trees to track cascading failures and driving shipping’s risk
analysis from fixed charts to fluid frameworks, primed for harsh seas and tight margins.

DETs offer a leap forward, tracking cascading failures over time—e.g., a lubrication
fault’s progression from filter clog to engine seizure to grounding (Anantharaman et
al., 2014). Consider a scenario: a pump’s 0.01 failure odds per day, if undetected,
compounds—by day five, oil starvation risks engine stoppage (P = 0.05), and by day
ten, drift into shallows looms (P = 0.1) under storm conditions (Ventikos, 2012). Static
FTA captures the pump’s initial odds but misses this buildup—DETs model each step,
adjusting for weather or crew response, slashing uncertainty where traditional tools
falter (Kabir et al., 2020).

3.4. Risk Assessment in Shipping

Ship risk assessment is a systematic approach used in shipping to identify, evaluate,
and mitigate risks associated with maritime operations to protect ships, crew, cargo,
and the environment. As Section 3.3 noted, operational risks like propulsion failures
that result in groundings are not rare, and their relevance to main engines is worthy of
consideration. This section provides the theoretical basis for maritime domain risk
assessment, which provides a background for conventional tools (Section 3.5) and the
Dynamic Event Tree (DET) approach (Section 3.6) that underlies lubrication system
failures analysis in this thesis.

The process adheres to a widely accepted framework: hazard identification, risk
analysis, and risk control (International Maritime Organization, 2020). Hazard
identification involves recognizing potential threats across shipping operations,
encompassing mechanical failures, human errors, and environmental conditions.
Mechanical hazards arise from system breakdowns, human factors stem from
operational misjudgments, and environmental risks emerge from external forces like
weather or sea states. This step draws on historical data and operational insights to
catalog risks without presuming static conditions (Rausand, 2011). Risk analysis
evaluates these hazards by assessing their likelihood and potential consequences, often
using qualitative or semi-quantitative methods. Likelihood reflects the frequency or
probability of occurrence, while consequences span economic, safety, and
environmental impacts, typically framed within a risk matrix to gauge severity (ISO,
2011). Risk control then prioritizes mitigation strategies, such as system redundancy,
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procedural safeguards, or monitoring, aiming to reduce either probability or impact to
acceptable levels.

Unlike the static models in industrial settings, shipping is dynamic. Maritime
operations face evolving conditions—Iloads, voyage durations, and external stressors—
that shift risk profiles over time. In contrast to static assessments that treat failure rates
as static and independent of past events, shipping necessitates consideration of
temporal dependencies, wherein initial faults may amplify through operational or
human responses (Ventikos et al., 2018). Environmental variability adds to this by
amplifying hazards in dynamic ways that static tools often fail to model. Traditional
models, such as Fault Tree Analysis (FTA), describe the state of risk at single points
in time, and can be useful for making baseline assessments, but they do not provide a
dynamic assessment of risk through time or co-occurrence (Section 3.5). In contrast,
DETs model these dynamics, accounting for transitions and interactions that are vital
to maritime systems (Section 3.6).

This framework supports proactive management, leveraging diagnostic tools—e.g., oil
analysis for engine health—to inform risk prioritization (CIMAC, 2011). Figure 5
presents a generalized risk matrix, illustrating how shipping hazards are assessed and
controlled, setting the stage for DET application in Chapter 4.

Figure 3,6: Generalized Risk Assessment Matrix for Shipping Operations

High Ris 7-25
Moderate Risk (3-16)
Low Risk 1-8)

Rare  Unlikely  Possible Likely Frequent

Figure 5: Generalized Risk Assessment Matrix for Shipping Operations

3.5. Static and Probabilistic Risk Methods in Shipping

Shipping is a very demanding industry where machinery is operating under very harsh
conditions, including severe weather and corrosive marine environments. Even minor
errors can lead to critical incidents like a vessel grounding or an environmental spill.
In this case static and probabilistic risk methods are used to spot and evaluate threats
like a lubrication pump malfunctioning mid-voyage. From Fault Tree Analysis (FTA)
to Reliability-Centered Maintenance (RCM), these tools- forged in fields like
aerospace- can be adapted to maritime needs, though there are problems faced when
failures shift fast (Selvik & Aven, 2011).
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3.5.1. Probabilistic Risk Analysis (PRA)

As mentioned earlier, risk analysis is a critical decision-making tool for addressing a
wide range of problems. Over the years, various risk analysis methodologies have been
developed, both qualitative and quantitative. A prominent example of a quantitative
approach is Probabilistic Risk Analysis (PRA).
PRA is a systematic methodology for quantifying risk and is considered a powerful
tool in risk assessment (Stamatelos, M., 2002). Its use has grown significantly in recent
years, particularly in fields where the consequences of failure are severe, such as
aerospace, nuclear energy, and maritime engineering. To implement PRA, several
mathematical tools and models are employed, including:

e Master Logic Diagrams (MLD)
Failure Modes and Effects Analysis (FMEA)
Event Tree Analysis (ETA)
Event Sequence Diagrams (ESD)
Fault Tree Analysis (FTA)
Human Reliability Analysis (HRA)

e Common-Cause Analysis (CCF)
These tools enable a comprehensive assessment of system risks by identifying failure
modes, evaluating their consequences, and quantifying their probabilities.

3.5.2. Fault Tree Analysis (FTA)

One of the fundamental tools used in PRA is Fault Tree Analysis (FTA). FTA is a top-
down approach that identifies the sequence of events leading to a TOP event (i.e., the
undesired outcome). To construct this sequence, FTA uses logic gates that connect
events and have both logical and mathematical significance.

The basic logic gates (Table 1) used in static fault trees are:
e OR Gate: The output event occurs if at least one of the input events occurs.
e AND Gate: The output event occurs only if all input events occur.
e COMBINATION Gate: The output event occurs if at least n out of k input
events occur.
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Table 1: Static Gates of FTAs

Name of Gate | Classic FTA Sympol

AND

OR

COMBINATION

These gates form the backbone of traditional fault trees, allowing analysts to model the
logical relationships between component failures and system-level outcomes.

3.5.3. Risk-Based Maintenance (RBM)

RBM is a maintenance strategy that prioritizes maintenance tasks according to risk
associated with equipment failure. RBM aims to maximize maintenance resources and
optimize operational reliability by concentrating on assets whose failure poses the
biggest threat to operations, safety and the environment. It is critical to implement
RBM in the maritime industry as equipment failures can lead to a huge financial loss,
environmental impact and safety issues. In shipping, where a pump failure can result
in significant losses, pollution, or crew in danger, RBM’s attention is paramount
(Ventikos, 2012). Instead of time-based schedules RBM uses risk as its compass,
intending to improve system uptime, reduce unnecessary checks, and avoid disaster
(Tan et al., 2011). It’s based on two steps — ranking components by risk — hazard
assessments that spot the critical parts of a system (Sakai, 2009.)—and analyzing risk
to shape smart upkeep plans (Khan & Haddara, 2003). Data accumulates, whether
historical or real-time, RBM’s advantage compounds, making for evermore accurate
predictions than were possible with methods from before.

3.5.4. Risk-Based Inspection (RBI)

Risk-Based Inspection (RBI) an examination that is targeted by the area where risk is
greatest, with component action where failure has an impact on safety or functionality
(Straub & Faber, 2005). It replaces broad checks with a risk lens., prioritizing parts
prone to wear or critical to systems—Iike those rated at 10~*/year failure odds. RBI
aims to identify trouble early, boost integrity, and cut wasted effort—sidestepping the
randomness of time-based routines (Tan et al., 2011). It begins with risk rankings —
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identifying high-stakes elements via hazard analysis — and then adapts inspection
plans accordingly (Sakai, 2009). In shipping, it’s firm for gradual risks, less agile when
failures strike fast.

3.5.5. Reliability-Centered Maintenance (RCM)

Reliability-Centered Maintenance (RCM) is a strategy that seeks to bring maintenance
incentives in accordance with ensuring systems reliability, in terms of operating
equipment safely and constantly (Selvik & Aven, 2011). Among the different types of
reliable maintenance management, RCM is one that has evolved from only following
schedules as defined by the manufacturers of certain components, to figuring out what
the odds of failure are and from what causes, with the most critical components that
carry the possible risk of failure being examined constantly (Khan & Haddara, 2003).

RCM correlates analytical gaps with actionable maintenance tasks by normalizing
against the impact of potential failures (say, the expected failure of a vital part after
5,000 running hours) and formulating specific maintenance strategies to eliminate or
minimize such failures. It is a full method at the right cost that is safe and ensures
operational uptime. But this foundation in historic and future scenarios makes it a
fundamentally static offering, doing well for known, planned scenarios, but potentially
struggling to react to otherwise unforeseen, timely events.

3.6. Dynamic Event Trees (DET)

Different data sources for vessel tracking and sensor data analysis reveal that maritime
operations are subject to dynamic evolving risks, with operational and environmental
factors that cannot be captured in their totality by applying static methodologies
(Ventikos, 2012). Among the tools identified in section 3.5, such as Event Trees (ET),
Probabilistic Risk Analysis (PRA), and maintenance strategies, would be able to
demonstrate their proficiency, yet they are not capable of representing the temporal
evolution of failure sequences (Kabir et al., 2020). Dynamic Event Trees (DETs) offer
a systematic methodology for assessing the temporal progression of cascading system
failures, making them particularly useful for assessing intricate hazards relevant to
both maritime environment and systems interactions.

3.6.1. Concept and Role of Dynamic Event Trees.

Dynamic Event Trees (DET) are a methodological development meant to characterize
the time-oriented progression of failures in a system, in contrast with the static logic
structures of ETs and the aggregate probabilistic estimates of PRA (Andrews &
Dunnett, 2000). Developed initially for the analysis of nuclear safety, DETs
systematically create event sequences by branching at discrete nodes (Figure 6) based
on system states and other external interventions (Amendola, 1981). This method
builds an absolute model of possibilities that allows for the conditional dependencies
of failure progression (Smith & Johnson, 2019).

In maritime contexts, DETs are well-suited to model the sequential nature of risks,
wherein the timing and sequence of events plays a significant role in the outcomes
(Anantharaman et al., 2014). Operational systems in shipping, which are impacted by
changing loads or environmental conditions, need models that describe why initial
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failures cascade through future states, something static tools cannot do. DETs allow
analysts to consider not only whether a failure has happened, but how it unfolded, and
the engagement or countermeasures with respect to it, including human reactions and
external pressures (Swaminathan, S. and Smidts, C., 1999). Such temporal roughness
is relevant where equipment degradation or operational delays increase consequences.
Studies show that DETs improve the accuracy of what is known as risk assessment—
by up to 12%—in predictive uncertainty, rendering them essential in managing
complex maritime operations (Kabir et al., 2020).

System OK

P=0.99 / \Ezo.m

Component 1 OK Component 1 Fail
(=1

(t=1, Partial Failure)

Component 2 OK Component 2 FAIL
(t=2, ALL OK) (t=2, TOTAL FAILURE)

Figure 6: Example Dynamic Event Tree for a Two-Component System, Showing Time-Dependent Branching

3.6.2. Mathematical Principles of Dynamic Event Trees.

Underlying the mathematics of the DET is the integration of several principles for
system evolution modeling under uncertainty, most notably the branching structure,
probability assignment, state transition (or transition probability), time-dependent
failure, Monte Carlo simulation, Bayesian updating, and risk aggregation (Liu, 2020).
Equations below use variables such as, N (nodes), P (probability), S (state), t (time), A
(failure rate), Q (transition matrix) among others that the equations will depend on.

Branching uses a combinatorial model: at each state, multiple subsequent states are
produced, thus the number of nodes at step k can be estimated as N = b*(equation 1)
(where b are the branches per state and k refers to the time step) with termination
criteria (e.g. failure) bounding it (Rausand, 2011). This is in contrast to FTA’s static P
(A U B). The way probability is assigned is whether there are discrete or continuous
models (Selvik & Aven, 2011). Discrete DETs calculate node probabilities through
P(node)=P(parent)x] [P(event) (equation 2) branching probabilities P(E(i+1) | Ei) =
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(P(E(i+1) N E1)) / (P(Ei)) (equation 3), totaling > P(E(i,j)|Ei)=1 (equation 4), where

node refers to a joint event Ei with branches j spanning possible events—summed

probability must equal 1. For constant rates (L) or (Weibull’s) for aging (Tan et.al,

2011.), continuous DETs use P(T <t) =1 — e (equation 5) or (T <t) =1 —
tia

e @ 4 B (scale) + o (shape) (equation 6) (Figure 7). The study’s DET framework

uses discrete probabilities (e.g., 0.99 success, 0.01 failure per state).

State transitions may leverage (Figure 8) Markov chains: (P(t) = P(0)e{?t
(equation 7), where P(t) is the probabilities of states at time t; P(0) is the distribution
in the initial state, and Q the rate matrix) or Ordinary Differential Equations (ODEs)
dS/dt = {(S,t) (equation 8), where S is a state (e.g., pressure), and where f(S,t) can be
understood as its rate function (Swaminathan, S. and Smidts, C., 1999). The
formulation is naturally a series of discrete steps rather than a complex Markov/ODE,
and thus is consistent with operating cycles.

2.5

1.5

0.5

0 2 4 6 8 10 12

—@— Discrete S Continuous S (2(1 - e”(-0.5t)))

Figure 7: State Evolution in DETs: Discrete Updates vs. Continuous ODE Solution.

Various time-dependent failure models, e.g., exponential, would back continuous
discrete event transitions DETs; however, in the particular case, which is discretized,
there is a restriction to use of constant rates (Rausand, 2011). Monte Carlo simulation
samples failure times (T), propagating states to estimate risk distributions—common
in stochastic DETs, unlike the deterministic base (Kabir et al., 2020). Bayesian

Page | 29



Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

updating refines probabilities: P(A|B) = (P(B|A) P(A)) / P(B) (equation 9), where
P(A|B) is the posterior, P(A) the prior, and P(B|A) the likelihood—the model uses
static priors (Tan et. al., 2011.). Risk accumulation adds the single event probabilities
for each network node, P(event) = > P(node) (equation 10) (as is the case for the
theoretical estimate of cumulative risk).

Transformations are governed by control mechanisms (state(t+1) = state(t) + input -
output) (equation 11) that utilize state(t) (a metric like level for example) and modulate
this physics with inputs/outputs. Subject DETs apply this, emulating component
dynamic states. This framework accurately captures the evolving risks of section 3.3

1.2

0.8

0.6

0.4

0.2

0 1 2 3 4 5 6

—@— Discrete P (0.99/t) Continuous P (1 - e”(-0.01t))

Figure 8: Probability Evolution in DETs: Discrete Success vs. Continuous Failure Models.

3.6.3. Monte Carlo Dynamic Event Trees

Monte Carlo Dynamic Event Trees (MCDET) extend the Dynamic Event Tree (DET)
framework by incorporating Monte Carlo simulation to account for the stochastic
nature of failure events and system behavior, offering a robust method for reliability
analysis in complex systems like marine lubrication systems. While Section 3.6.1
introduced DETSs as a method to model the time-dependent progression of failures with
state-dependent probabilities, and Section 3.6.2 outlined the mathematical principles,
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this subsection explores how Monte Carlo simulation enhances DETs for probabilistic
risk assessment, particularly in maritime contexts where randomness and variability
are significant (Kabir et al., 2020).

In a Monte Carlo DET approach, the DET’s branching structure—where each node
represents a system state and branches represent possible events (e.g., a pump failure
or maintenance action)—is combined with Monte Carlo simulation to sample event
occurrences across multiple trials. Typically, thousands of trials are run, each
following a unique path through the event tree based on random sampling of events at
each time step, governed by probabilities such as those defined in Equations 2—4
(Section 3.6.2). The outcomes of these trials are aggregated to estimate system
reliability metrics, such as the probability of specific failure types or the overall
likelihood of system failure over time (Swaminathan, S. and Smidts, C., 1999). Monte
Carlo simulation is particularly valuable for capturing the variability in failure
scenarios, especially for low-probability, high-consequence events common in
maritime operations, where analytical solutions may be impractical due to complex
probability distributions (Rausand, 2011). For example, in a lubrication system, Monte
Carlo DET can model the random occurrence of a pump failure (e.g., with a base
probability of 0.01 per day) and its cascading effects, such as pressure drops leading
to oil starvation, across thousands of simulated voyages, providing a distribution of
failure probabilities rather than a single point estimate (Anantharaman & al, 2014).

The Monte Carlo approach also enables the incorporation of uncertainty in model
parameters, such as failure rates or environmental conditions, through techniques like
Bayesian updating (Equation 9, Section 3.6.2), allowing probabilities to be refined as
new data becomes available (Tan et al., 2011). In maritime applications, this is critical
for handling dynamic conditions, such as wave-induced loads or crew responses,
which can alter failure probabilities over time. Studies have shown that Monte Carlo
DET can improve the accuracy of risk predictions by up to 12% compared to static
methods, making it a powerful tool for managing the complex risks in shipping
operations (Kabir et al., 2020). However, the computational intensity of Monte Carlo
DET, which may process millions of nodes (Equation 1, Section 3.6.2), requires careful
implementation to balance accuracy and efficiency (Rausand, 2011).

In this thesis, while the DET framework is employed to model the lubrication system’s
failure dynamics with discrete probabilities (e.g., 0.99 success, 0.01 failure per state,
as noted in Section 3.6.2), a full Monte Carlo sampling approach is not used for event
occurrences. Instead, the simulation runs multiple trials (2500 in this case) to capture
variability in failure scenarios, aligning with the Monte Carlo principle of averaging
across trials to estimate system behavior, but with predefined discrete probabilities
rather than continuous sampling of failure times. This hybrid approach leverages the
strengths of DET’s dynamic branching while maintaining computational simplicity, as
detailed in Chapter 4. The Monte Carlo DET framework, even in this simplified form,
provides a robust foundation for analyzing the lubrication system’s reliability, setting
the stage for results analysis and the introduction of safety mechanisms in Chapter 5.
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3.7 Lubrication Failure Mechanisms

Marine diesel engine lubrication system failures originate from various mechanisms,
primarily from the sump tank and its subsystems as previous discussed in 3.3 Risk
Analysis in Shipping, elevating the risks presented above. These disruptions—
interrupting oil flow, accelerating friction—risk engine seizure, requiring in-depth
scrutiny for DET modeling (3.5. Dynamic Event Trees (DET)) (Woodyard, 2009).

Contamination is what drives many failures in addition to the filter clogs observed in
Section 3.3 Risk Analysis in Shipping. The soot increases the viscosity of the oil, 20—
25 percent over 1000 hours (Gautam et al., 1999), and strains the sump tank
circulation. Water entry—e.g., 0.5% from double-bottom leaks—reduces film strength
by 30%, threatening piston scoring at high loads (CIMAC, 2011). Bottom sediment
formation through corrosion in sump tanks, which is leading to a 15% rise in all pump
failure rates in five years, caused pump cavitation, unrelated to filter failure (Singh et
al., 2015)

Mechanical Failures go beyond valve sticking. Pump impeller wear—102/year—
reduces pressure to <4.5 kg/cm? smothering camshafts or turbochargers. Unless
designed to allow efficient flow in small vessels (500—1000 L), sparse water flow in
sump tanks often leads to unstable flow rates at peak water use (e.g., S0—100L per
minute), which can double the risk of cavitation due to sediment blockages at the tank
inlets (Agarwal, 2018).

Operational Stressors add complexity. Thermal loads (up to 200°C) thin oil films
(0.02—0.1 mm) in hydrodynamic zones, risking metal contact in bearings—unlike the
pressure drops in Section 3.3 (George et al., 2007). Prolonged voyages without oil
renewal accelerate degradation, cutting lubrication efficiency by 10—-15% (Ventikos et
al., 2018)

These risks escalate further through human factors compounding mechanical and
operational challenges. Insufficient training often results in misidentification—such as
mistaking pump cavitation for vibration—postponing repairs and raising failure odds
by ~20%, according to Allal et al. (2018). Separately, valve mis-settings (e.g.,
calibrating to 3 kg/cm? instead of 4.5 kg/cm?) disrupt flow, differing from alarm-related
oversights, with ~15% of lubrication failures linked to such calibration errors (Kabir
et al., 2020). These human-induced faults hinge on crew skill and decision-making,
distinct from technical breakdowns alone. DETs effectively model this dynamic—e.g.,
a 0.03 probability of misconfiguration lifting risk to 0.1 by day seven—delivering
precision beyond static tools’ reach, vital for maritime risk management.
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3.8 Chapter Summary

In this chapter it was presented that marine diesel engines, which are primarily 2-stroke
for commercial ships and 4-stroke for smaller ships, rely upon lubrication systems to
prevent costly mechanical failure. Lubrication resists friction, removes heat, prevents
corrosive combustion products, cleans internal surfaces, and resists rust, minimizing
risk of metal-to-metal contact, overheating, and corrosion. The main engine lubrication
system is divided into three subsystems: the main lubrication oil system, turbocharger
oil system, and cylinder oil system. Four modes of lubrications—hydrodynamic,
hydrostatic, boundary, and elastohydrodynamic—support primary components like
bearings, camshafts, and pistons with varying conditions of operation.

Risk analysis for maritime operations is exposed to dynamic risk of mechanical
breakdowns, human errors, and environmental stressors. Static methods like Fault Tree
Analysis (FTA), Probabilistic Risk Analysis (PRA), Risk-Based Maintenance (RBM),
and Reliability-Centered Maintenance (RCM) identify and remove risks but struggle
with sequences of time-dependent failures. Dynamic Event Trees (DETs), combined
with Monte Carlo simulations, mimic cascading failures with precision improved by
up to 12%, encompassing such complicating factors as contamination, pump wear,
thermal loads, and human error (e.g., misconfiguration). These mechanisms, so critical
to lubrication system reliability, lead into the subjects of subsequent chapters.
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4. Model Analysis

4.1. Introduction and objectives

In this chapter, the model analysis for a Monte Carlo Dynamic Event Tree (MCDET)
simulation is provided, developed to investigate the reliability of the ship’s main
lubrication system, where pressure fluctuations serve as a primary systemic failure
driver. This chapter aims to detail the simulation model, its code implementation,
functionality and parameterization over a five (5) year operating period. The model
simulates failure events that take place in the lubrication system of a medium-speed
engine and provides a dynamic picture of the pure evolution of the system state,
considering pressure, flow, and temperature, as well as interdependencies between
failure types. The simulation was originally focused on the oil level in the sump tank
being the state variable and only later moved to using the pressure and temperature
fluctuations as the state variable to see how much more contained the higher state
variable was with respect to displaying failure types and dynamic interactions (e.g.,
compounded pump and valve failures impacting system pressure). This baseline model
is intentionally devoid of any safety features—Ilike backup pumps, oil purifiers,
sensors, or human intervention—to demonstrate the system’s vulnerabilities, allowing
the foundations of future improvement and analysis in the following chapters. To
model the state-dependent probabilities of a failure to receive maintenance, as well as
the time-dependent dynamic nature of the lubrication system which could not be
accurately modeled with simpler event tree approaches or fault trees, the Monte Carlo
Dynamic Event Tree (MCDET) approach was chosen for this work. The Dynamic
Event Tree (DET) allows the simulation to split at every time step based on what
might happen and what the probability of that is, dynamically adjusted according to
the system state (e.g., for a pump failure under low pressure conditions). In the Monte
Carlo approach, this is further enhanced by adding the stochastic sampling, running
many trials—2500 in this instance—to capture the random nature of failure events and
overall system behavior, leading to robust stable metrics on system reliability via
averaging over many trials. This methodology complements the goals of the thesis to
apply a probabilistic risk assessment method to a marine system, providing a rich
framework that accounts for the behavior of the system when put under stress by
integrating DET’s ability to model dynamic branching with the ability to incorporate
uncertainty and variability available through Monte Carlo simulation. The
development and implementation of this model is the focus of this chapter, with the
analysis of simulation results (i.e., the failure probabilities and their implications)
discussed in Chapter 5. In Section 4.2, the lubrication system and model are presented,
Section 4.3 outlines the simulation parameters and constants, Section 4.4 describes the
Monte Carlo DET methodology, Section 4.5 covers the code implementation, and
Section 4.6 summarizes the model analysis as well as shifts into Chapter 5, where the
simulation results will be examined.
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4.2. System Description and Model Overview

The lubrication system of a medium-speed engine is the first part of a machine that
ensures the reliability of the engine by reducing friction occurring between the moving
parts, taking away the heat generated, and also removing the contaminant from the
engine. The oil circulated through the system and is connected to some of its
components. It works under pressure of about 45 bar and flow rate of 150-300 L/min
for medium-to-large marine engine. With a 4.5 bar of initial pressure and 45°C,
realistic operating conditions of a medium-speed engine are simulated in the model
that represents the system for the purposes of this simulation. The model includes key
components such as pumps, which circulate oil and maintain system pressure, valves,
which regulate flow and pressure, coolers which regulate the oil temperature and
strainers, which filter the oil from contaminants. This is typically subject to a number
of failure types compromising the performance of the system, possible damage to the
engine if not corrected.

The simulation models various failure events in a marine lubrication system,
categorized into component-level and system-level failures. Component-level failures
include strainer and filter blockages, which increase system pressure and reduce oil
flow, and pump or inlet valve malfunctions, such as partial pump operation or valves
stuck closed/half-open, leading to significant pressure drops and temperature
increases. System-level failures encompass critical conditions like overpressure
(exceeding 8.0 bar), low pressure (below 2.5 bar), critical high temperature (above
81°C), or critical low temperature (below 35°C), each triggering emergency shutdowns
due to risks like pipe bursts, inadequate lubrication, oil degradation, or system collapse.
Non-critical system states, such as high/low pressure or temperature, are also tracked,
indicating suboptimal operation. These events are designed to capture key hazards in
marine lubrication systems, including blockages, pressure fluctuations, and
temperature extremes, reflecting real-world operational risks.

Initially, the simulation was designed to monitor oil flow as a primary state variable,
with system failure defined by insufficient oil flow due to component malfunctions.
However, this approach was revised to focus on pressure and temperature fluctuations,
which better capture the dynamic interplay between component-level failures (e.g.,
strainer/filter blockages, pump partial operation, or inlet valve malfunctions) and
system-level failures (e.g., critical overpressure above 8.0 bar or low pressure below
2.5 bar). For example, a pump operating at partial capacity or a valve stuck closed/half-
open reduces or increases pressure, potentially leading to critical event, which risks
inadequate lubrication and system shutdown. This shift enables the simulation to
model failure events and their interdependencies more comprehensively, providing a
clearer assessment of the lubrication system’s overall reliability.

The simulation model thus allows keeping track of the system state through these two
different variables: pressure, initialized at 4.5 bar, temperature, initialized at 45.0 °C.
During each time step, the model updates these variables depending on the subsequent
state of the other states. The model iterates five (5) years, subdivided into 1825-time
steps (24-time steps per day), running 2,500 trials to capture variability in failure
scenarios. This baseline model, however, intentionally excludes safety measures that
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are standard in any real marine lubrication system, such as backup pumps, oil purifiers,
pressure and temperature sensors, or human oversight by the crew, to avert failures.
The removal of these systems is deliberate, intending to simulate a stressed system that
recognizes their weaknesses, thereby allowing for the integration of safety
enhancements. This simulation utilizes a Monte Carlo Dynamic Event Tree (DET)
method to model these dynamics, thus capturing state-dependent failure probabilities
and interactions of multiple events in the same trial, as described in the subsequent
sections.

4.3, Simulation Parameters and Constants

The state and constant parameters used in the Monte Carlo Dynamic Event Tree
(MCDET) simulation have been described for the lubrication system for the ship. It
makes a good basis for modeling on and the system being described in section 4.2.
These parameters determine various simulation behavior features, like the initial
condition of the system, the probabilities of failure events, the mechanisms by which
states get updated, their thresholds for failure, and approaches to control their effects.
Each of these aspects has been thoroughly defined and justified by converting realistic
marine standards where applicable or adjusted as assumptions for base scenario
discussed in 4.1. The section thus provides discussion on rationale behind all these
aspects of choice, their sensitivity within the model as well as divergence that can result
from these with realistic marine applications with safety mechanisms, preparing the
firm grounds for improvement in Chapter 5.

4.3.1. Simulation Setup Parameters

The simulation spans a five-year period (1825 days), reflecting the operational
lifecycle of a commercial vessel’s lubrication system under diverse conditions. This
duration captures both short-term failure events, such as sudden pressure drops due to
pump or inlet valve malfunctions, and long-term degradation, such as increased failure
probabilities from component wear (approximately 15% annual increase). The
simulation conducts 30 runs, each with 2500 trials, totaling 75000 trials to account for
variability in failure scenarios while balancing computational efficiency and statistical
robustness. In reliability engineering, this number of trials is sufficient to capture rare
events (e.g., critical failures with probabilities as low as 0.0000032 for the cooler) and
runs efficiently on standard hardware. The setup models extreme conditions to assess
the system’s reliability comprehensively, ensuring safety margins under stressed
scenarios.

4.3.2. Initial System State

The system state is defined by two variables, initialized to reflect the starting
conditions of a medium-speed marine engine’s lubrication system:

e Pressure: Defined as 4.5 bar (K Shipbuilding,2025), this value falls within the
normal operating range of 4-5 bar for medium-speed marine engines (CIMAC,
2011). This is particularly designated to simulate the operation of this system
at the standard of the acceptable performance. This is in line with the lack of
enhancement of measurement and pressure regulation put in place by the base
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condition scenario. Real-time marine systems would regulate pressure to
approach 4.5 bar in the case of valve failure, a backup would activate pumps in
case there is a decline in pressure and therefore the probability of failure is
minimized (MAN B&W, 2020).

e Temperature: The simulation initializes the lubrication system’s temperature at
45°C (K Shipbuilding,2025), within the nominal range of 40-60°C for mid-to-
large size marine engines, ensuring optimal oil viscosity and circulation at engine
startup. This starting temperature supports peak performance but lacks redundancy,
allowing temperature fluctuations due to component failures (e.g., cooler failure or
inlet valve malfunctions) to exceed critical thresholds (above 81°C or below 35°C)
(K Shipbuilding,2025) within a short period, as modeled in the simulation. In real-
world scenarios, temperature sensors and auxiliary cooling systems would mitigate
such deviations, maintaining temperatures closer to the nominal range throughout
operation.

These initial condition parameters describe a working but extremely weak system
where minimal excursions (such as a drop in pressure or increase in contamination)
will lead to a cascade of failures, all working toward the intent of this thesis to
study the system "under stress".

4.3.3. Failure Event Probabilities and Effects

The simulation models the five component failure events listed in Section 4.2, with
base probabilities and effects on the system state. These probabilities derive from real
world data (Naval Surface Warfare Center, 2011):

e Strainer failure: Base probability of 0.00006072 per time step.

e Pump: Base probability of 0.0000048 per time step. The probability of pump
failure splits in two possible failures. One is the partial pump failure and the
other a complete pump failure

e Main Inlet Valve: Base probability is 0.000049 per time step. The probability
splits in two possible failures same as the pump. It contains the valve stuck
closed probability and valve stuck half open probability.

e Cooler: Base probability is 0.0000032 per time step.

e Back Flushing Auto Filter: Base probability is 0.00006075 per time step.

4.3.4. Failure Thresholds and Degradation Dynamics

System-level failures are defined by thresholds for pressure and and temperature which
both derive from a lubrication service system of a 50000 DWT Chemical Tanker (K
Shipbuilding,2025):

e Pressure Thresholds: The simulation defines a critical low-pressure threshold
at 2.5 bar, signaling a severe low-pressure condition that risks inadequate
lubrication and potential engine shutdown. This threshold represents the
minimum operating pressure for a medium-speed marine engine, below which
components like crankshaft bearings may suffer excessive wear due to
insufficient oil flow. Component failures, such as a pump stopping or an inlet
valve stuck closed, can drive pressure below this limit, triggering a system
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failure event. In real-world scenarios, pressure sensors would typically trigger
alarms at 2.5 bar, prompting maintenance or operational adjustments to prevent
critical low pressure.

o Temperature Thresholds: The simulation sets temperature thresholds to
monitor system performance, with a nominal operating temperature of 45°C
and critical thresholds at 81°C (high) and 35°C (low) (K Shipbuilding,2025).
Exceeding 81°C risks oil degradation and engine stress, while dropping below
35°C may increase oil viscosity, reducing flow efficiency. Component failures,
such as a cooler malfunction (increasing temperature by 4.0°C per time step)
or an inlet valve stuck closed (adding up to 5.0°C per time step), can push
temperatures beyond these limits, triggering emergency shutdowns.

e Degradation Factor: The simulation applies a daily degradation factor of
0.000384 to model the gradual wear of critical components—strainer, pump,
cooler, filter, and inlet valve—resulting in an approximate 15% annual increase
in their failure probabilities. For instance, the strainer’s initial failure
probability of 0.00006072 rises to approximately 0.000103 after 360 days
without maintenance, reflecting cumulative stress from continuous operation.
This degradation drives increased risks of component failures, such as strainer
blockages or pump partial operation, which elevate system pressure (up to 0.05
bar per time step for strainer/filter failures) or temperature (up to 4.0°C per time
step for cooler failures). Scheduled maintenance in a fixed interval mitigates
this by reducing failure probabilities by 20-40%, with a randomized
maintenance factor (mean 0.3, standard deviation 0.033) to simulate variable
repair effectiveness. In the first 10 days post-maintenance, the degradation
factor halves to 0.000192, reflecting temporary system recovery. In marine
engines, this degradation model captures real-world wear from prolonged
operation, informing maintenance schedules to prevent critical failures like
overpressure or system shutdown.

4.3.5. Control Strategy (Maintenance)

The simulation models a periodic maintenance strategy which can be altered to be
performed every 30,60,90,120,180 or 360 steps, equivalent to approximately one year
in the 1825-step (5-year) simulation, to mitigate component degradation in a marine
lubrication system. During maintenance, failure probabilities for components (strainer,
pump, cooler, filter, inlet valve) are reduced by 20-40%, using a randomized
maintenance factor drawn from a normal distribution (mean 0.3, standard deviation
0.033, clipped at 0.2-0.4). For example, a strainer’s degraded failure probability of
0.000103 after 360 steps may decrease to approximately 0.000082—-0.000093,
depending on the maintenance factor, while a fully stopped pump remains unrestored.
Additionally, pressure and temperature are gradually restored to nominal values (4.5
bar and 45°C) (K Shipbuilding,2025) over 10 steps post-maintenance, and the
degradation factor halves to 0.000192 for these 10 steps, simulating temporary system
recovery. This interval reflects a conservative maintenance schedule for marine
engines without real-time monitoring, where condition-based maintenance (e.g., every
180 days with sensors) could further reduce failure risks. In practice, advanced systems
with continuous monitoring and automated maintenance triggers would enhance

Page | 38



Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

reliability by addressing degradation earlier, minimizing events like overpressure or
critical temperature excursions.

4.3.6. Justification for Baseline Scenario and Sensitivity

The baseline scenario models a marine lubrication system operation for a period of 5
years or 1825 days, up to the initial drydock of the Vessel, with a daily degradation
factor of 0.000384, increasing the failure probabilities of components by around 15%
per year. The inspection interval can be altered, in order for comparison between
different intervals. This setting is justified, as it reflects realistic wear and stress in
critical components (strainer, pump, cooler, filter price, inlet valve) under continuous
operation, consistent with marine engineering principles where maintenance is
undertaken annually on the premise of compromise between costs and reliability.
Sensitivity is addressed by running 30 simulations, each with 2500 trials (75000 in
total), to account for the variability in failure events (e.g., critical low pressure at 2.5
bar or high temperature at 81°C), with the effectiveness of maintenance randomized
(20-40% reduction in failure probabilities) to represent such uncertainties on real
ground. This ensures statistical robustness for rare events (e.g., cooler failure
probability of 0.0000032) and remains computationally efficient, offering a
comprehensive view of the system's reliability.

4.4 MCDET Methodology

This section details the Monte Carlo Dynamic Event Tree (MCDET) methodology as
applied to the ship’s main lubrication system, building on the theoretical foundation
provided in Chapter 3 (Section 3.6). The MCDET approach combines the dynamic
branching of Dynamic Event Trees (DET) with Monte Carlo simulation principles to
model the time-dependent evolution of the system state and the stochastic occurrence
of failure events. The focus is on how this methodology is implemented for the
lubrication system, capturing the dynamic interactions between failure events and the
compounding effects of events over time, as introduced in Sections 4.2 and 4.3. This
section describes the simulation process, including state updates, event branching,
failure conditions, and trial termination, along with the handling of dynamic
probabilities and computational considerations.

4.4.1. Overview of the MCDET Process

The MCDET simulation replicates the lubrication system for 5 years of operation, as
stated in Section 4.3, with each trial representing one interval between the delivery of
the vessel and its’ first drydock. The idea behind the DET structure is to create a tree
framework with every node entering a system state characterized by the values of
pressure, flow, and contamination level, while the branches would represent activities
like component-level failures (Pump, Valve) or maintenance actions. In contrast to
static event trees, the DET allows for the occurrence of multiple events within a single
trial, thus capturing interdependencies and temporal aspects (Swaminathan, S. and
Smidts, C., 1999). Whereas Monte Carlo relates to the multiplicity of trials, wherein
each trial traverses a unique path through the event tree, thus the simulation can model
variability in failure scenarios but refers to discrete probabilities for events occurring
in Section 3.6.3. In this way, the hybridization utilizes the strength of DET in modeling
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a dynamic behavior of the system while using Monte Carlo principles to assess the
reliability of the system through repeated sampling.

4.4.2. System State Updates and Event Branching

At each time step in the simulation, the system state is calculated based on component
failure events and maintenance actions, tracking pressure (initially 4.5 bar) and
temperature (initially 45°C) as primary state variables. Component failures adjust these
parameters as follows: a pump in partial operation reduces pressure by 0.20 bar and
increases temperature by 1.5°C per time step relative to the 1825-step duration; a
strainer or filter failure increases pressure by 0.05 bar and temperature by 0.25°C per
time step; a cooler failure increases temperature by 4.0°C per time step; and an inlet
valve stuck closed or half-open reduces pressure by 0.2 bar and increases temperature
by 5.0°C or 2.0°C per time step, respectively. For example, starting at 4.5 bar, a pump
partial failure over 1000 steps reduces pressure to approximately 4.3 bar, and a
subsequent valve stuck closed could further lower it to 4.1 bar, risking low pressure
(below 3.5 bar) or critical low pressure (below 2.5 bar). Maintenance, performed every
360 steps, reduces component failure probabilities by 20—40% (using a randomized
factor, mean 0.3, standard deviation 0.033) and gradually restores pressure and
temperature to nominal values over 10 steps, with the degradation factor halved (from
0.000384 to 0.000192) during this period. The simulation employs a decision tree
structure, branching at each time step based on component failure probabilities (Naval
Surface Warfare Center, 2011) (e.g., strainer at 0.00006072, pump at 0.0000048,
initially). When a failure occurs, a new system state is created with updated pressure,
temperature, and probabilities, continuing until a system failure (e.g., critical
pressure/temperature thresholds exceeded) or the 1825-step simulation concludes. This
branching captures the dynamic evolution of the marine lubrication system, modeling
cascading effects, such as a pump partial failure followed by a valve malfunction,
leading to potential system shutdown.

4.4.3. Failure Conditions and Trial Termination

The failures in the system are modeled to happen pseudo-randomly. Based on the
Bernoulli trial, in each step a pseudo-random number is generated. If the generated
number is lower than the failure probabilities the components fail, which leads to the
system parameters being updated as stated in the previous section.

The trials can be terminated in three possible ways:

1. The simulation runs through the trial and if no failures occur the trial is
terminated and the next one begins.

2. Compounding effects can lead to the parameters crossing the Critical
Thresholds. If in a trial the temperature and pressure parameters go above or
below the critical values then the trial is terminated a system failure is logged
and then the new trial begins.
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3. Critical components’ (pump and cooler) failures will directly lead the system
to a shutdown. A system failure will be logged and the new trial will begin.

4.4.4. Dynamic Probabilities and Compounding Effects

The MCDET method works well in modeling dynamic probabilities and compounding
effects, which are crucial for the lubrication system. The probability of a pump and
valve etc. failure is increased by a degradation factor of 0.000384 in order for annual
aging of the components to be modeled. if the pressure is below 3.0 bar (see Section
4.3) and this concurs with low-pressure conditions that are likely to see a failure. Thus,
the adjustment made is an indicator of the real-world behavior wherein a system under
stress or strain has greater chances of subsequent failure. A practical situation can
easily be envisioned, whereby the decreased pressure due to failure of Pump that has
gone from 4.5 bar to 3.3 bar would increase the probability of failures through the
compounding effects of the system. State-dependent probabilities and the interplay
between many events give MCDET the differentiation with static approaches such as
Fault Tree Analysis, at the time of discussion in Chapter 3 (see Section 3.5).

4.4.5. Implementation Considerations

The MCDET simulation applied to the lubrication system has used discrete
probabilities instead of continuous Monte Carlo sampling of failure times as referenced
in Section 3.6.3. This consideration greatly simplifies computation while still making
use of the Monte Carlo principle of many trial executions to capture variability in
failure scenarios. However, the event tree can be excessive in size, especially with
multiple events that can happen at each time step. For a simulation involving 1825-
time steps, if unrestrained, the tree may generate nodes in millions theoretically. The
trimming of the tree is implemented for the simulation to manage this complexity when
trials are terminated at system-level failures, thus greatly decreasing node numbers.
For instance, eliminating nodes for the remaining steps from a trial that terminates at
step 100 due to complete pump failure makes the simulation possible on commonly
available computers. The code implementation, covering how these mechanics are put
in place, is discussed in Section 4.5, while the analysis of simulation outputs, including
failure frequency, and timing, is covered in Chapter 5.

4.5. Code Implementation

This section presents the code implementation of the Monte Carlo Dynamic Event Tree
(MCDET) simulation for the ship’s main lubrication system, translating the
methodology described in Section 4.4 into a functional program. The simulation is
implemented in Python due to its flexibility, extensive libraries for numerical
computation, and ability to handle complex data structures, which are well-suited for
modeling dynamic event trees and Monte Carlo sampling (Van Rossum & Drake,
2009). The code is structured to simulate the behavior of lubrication systems over
approximately 30 days of operation, capturing rapid changes in system state—
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pressure, flow, and contamination level—while registering failure events in real-time
(as defined in Sections 4.2 and 4.3). This section describes the code structure, major
functions, and logic, supplemented with code snippets for implementation. The
analysis of code design, efficiency, and limitations follows, while simulation results
are discussed in Chapter 5.

4.5.1. Code Structure and Setup

Encapsulated within a single Python script which governs the Monte Carlo simulation
of the marine lubrication system, the simulation oversees the running of trials, updating
of states, and logging of results. The simulation imports the necessary packages from
NumPy for numerical calculations and random number generation, Pandas for the
creation of data frames and logging output to .CSV files, Os for creating file paths, and
Time for seeding random states. Simulation parameters are kept in one CONFIG
dictionary to allow parameter passing from one piece of code to another. Among the
defined parameters are the number of time steps (1825 days for 5 years), number of
trials per run (2500), number of runs (30), initial state of the system (pressure at 4.5
bar, temperature at 45°C) (K Shipbuilding,2025), failure probabilities of components
with concrete values (e.g., pump: 0.0000048, strainer: 0.00006072), degradation factor
(0.000384 for ~15% annual probability increase), maintenance interval (according to
user’s provided data), and thresholds (e.g., critical low pressure at 2.5 bar, critical high
temperature at 81°C). The system state is represented by pressure, temperature, and
component statuses (strainer, pump, cooler, filter, inlet valve). It updates every time
step, depending on failure events and maintenance actions. Failures alter state
variables, for example, partial failure of the pump reduces pressure by 0.20 bar and
increases temperature by 1.5°C per time step from time step 1825, while failure of the
cooler raises temperature by 4.0°C per time step. The event tree is implicitly
implemented within each trial, simulating events sequentially according to their
probabilities and storing outcomes in lists (event log data, system log data,
prob log data). The trials end when system-level failures occur (any critical
pressure/temperature level exceeded), to limit computational load. The results get
stored in a few dictionaries (event counts for event occurrences) and recorded into
CSV files (system_log run_*.csv for pressure/temperature with every 10 locations,
component_prob_log run_*.csv for failure probabilities, failure log run *.csv for
events, and average prob.csv for average probabilities across runs) for analyzing
system reliability and failure dynamics during marine engine operations.

4.5.2. Key Components

The simulation’s core logic is implemented within a main loop, but it can be broken
down into distinct components for clarity: state initialization, event generation, state
updates, failure logging, and result visualization. Code snippets are provided to
illustrate these components:

e Parameter changes with each Failure: The run_simulation function updates
system parameters—pressure and temperature—at each of the 1825-time steps
based on component failure events, reflecting the dynamic impact of failures
on the marine lubrication system. When a component fails, it adjusts these
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parameters as follows (Figure 9): a pump in partial operation (80% likelihood,
per CONFIG['pump modes']) reduces pressure by 0.20 bar and increases
temperature by 1.5°C per time step relative to the 1825-step duration; a strainer
or filter failure (probabilities 0.00006072 and 0.00006075, respectively)
increases pressure by 0.05 bar and temperature by 0.25°C per time step; a
cooler failure (probability 0.0000032) increases temperature by 4.0°C per time
step; and an inlet valve stuck closed or half-open (50% likelihood each, per
CONFIG['inlet_valve modes']) reduces pressure by 0.2 bar and increases
temperature by 5.0°C or 2.0°C per time step, respectively. A complete pump
stoppage (20% likelihood) triggers an immediate system failure, halting the
trial. These updates, applied sequentially within each trial, ensure pressure
(bounded between 2.0 and 10.0 bar) and temperature (bounded between 30.0
and 90.0°C) reflect realistic operational stresses, with critical thresholds (e.g.,
pressure below 2.5 bar or temperature above 81°C) triggering system-level
failures, capturing the cascading effects of component malfunctions in marine
engine operations.

it components[ " pump’
pressure -= 8.28 * time_step / config[ "nur
temp += 1.5 * time_step / config[ 'num_st
components[ 'strainer’ components
pressure += 8.85 * time step / config[ "num_
temp += 8.25 * time step / config[ 'num_steps’]
components] "¢ -'].
temp += 4.8 * time
F components['inlet wvaly C
pressure -= 8.2 * time Rtep ! rﬁnflg[ nL
temp += 5.8 * tlme ~+ep { config[ "num_
1if components[ inle alve "stuck

pressure -= 8.2 * time_step / chFlg[ nium
temp += 2.8 * time_step / config[ num_ste

pressure = max(2.8, min(18.8, pressure))
temp = max(36.8, min(98.8, temp))

Figure 9: Code for Parameter changes with each Failure

Maintenance application: The run_simulation Figure 10 function imposes a
maintenance strategy in an interval which is determined by the user prior to the
code being executed (CONFIG['maintenance_interval']), as a measure against
component degradation, to ensure a certain level of system reliability in the
marine lubrication system. Maintenance activity involves weakening failure
probabilities for all components (strainer, pump, cooler, filter, inlet valve) by
20 to 40% (CIMAC, 2019), using a maintenance factor randomly drawn from
a normal distribution (mean 0.3, standard deviation 0.033, cut at 0.2-0.4, i.e.,
np.random.normal(0.3, 0.033)). So, for a strainer, after 360 steps, a degraded
probability of 0.000103 could be reduced to something between 0.000082 and
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0.000093. All components except a fully stopped pump are then brought back
either into the working condition (strainer and filter) or into an 'operational'
state (pump and inlet valve). During the 10 steps after maintenance, the
pressure and temperature slowly start getting restored to their nominal values
(4.5 bar and 45°C, per CONFIG['thresholds']) by linear interpolation while the
degradation factor gets halved, from 0.000384 to 0.000192, signifying a
temporary recovery of the system. Logged in event_log_data together with the
maintenance factor, these represent periodic maintenance in marine engines.

if time step % config[ ‘maintenance interval'] == @ and time step » 8:

for comp in components:
if comp == "pump’ components[comp] == "pump_stopped’:
continue
elif comp in ['strainer’,
components[comp]
elif comp in ['pump’,
components[comp] =
for comp in config['failure_ :
degraded prob = current_probabilities[comp]
initial prob = config['failure probabilities'][comp]
reduction = (degraded prab - initial prob) * maintenance factor
current_probabilities[comp] = max(initial prob, degraded prob - reduction)
maintenance step = time step
event log data.append({
Trial': trial, 'Time Step': time step, 'Component': ‘all’, 'Event': 'maintenance’,
Maintenance Factor': maintenance factor

Figure 10: Code for Maintenance application

4.5.3. Error Handling and Validation

The code includes basic error handling to ensure robustness. For example, the state
update logic ensures that probabilities are calculated dynamically and applied
correctly, avoiding negative and below initial failure probability values for all
components. During development, the code was tested with a smaller number of trials
(e.g., 100) to verify that state updates, event generation, and failure conditions behave
as expected—for instance, confirming that a Pump failure followed by a Valve failure
correctly triggers a Critical low-pressure event when pressure drops below 2.5 bar.
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4.5.4. Code Analysis

The implementation reflects several deliberate design choices to balance functionality,
efficiency, and clarity. The system state is managed using individual variables
(pressure, temperature), which simplifies the code but may limit extensibility
compared to a dictionary-based approach; adding new state variables (e.g.,
contamination) would require modifying multiple parts of the code. The EVENTS
dictionary enables modular event handling—new events can be added by updating the
dictionary without altering the core logic, aligning with principles of extensibility in
software design. However, the assumption of independent event effects may not
capture complex interactions (e.g., a Pump failure affecting the likelihood of a Clog
event beyond pressure-based adjustments); a dependency graph could model such
relationships more accurately.

Efficiency is a key consideration, as the MCDET methodology can generate large
event trees. The implicit event tree structure—tracking events per trial in events
occurred—reduces memory usage, as only the current trial’s history is stored. Early
termination at system-level failures further optimizes performance: for example, a trial
failing at step 100 avoids processing the remaining steps, reducing runtime
significantly for the 2500 trials (Section 4.4). However, this approach limits the ability
to analyze post-failure behavior, which might be relevant if safety mechanisms (e.g.,
backup pumps) are introduced in to allow recovery from failures.

The implementation has some limitations. The use of discrete time steps and
probabilities simplifies computation but may not capture continuous-time dynamics,
such as gradual pressure drops between steps. Additionally, the single-threaded
execution may become a bottleneck for larger simulations (e.g., increasing trials to
50,000); parallelizing the trial loop using Python’s multiprocessing module could
improve scalability, especially for exploring multiple scenarios in Chapter 5. Finally,
the code is tailored to the baseline scenario without safety mechanisms; extending it to
include sensors or backup pumps would require additional state variables and logic,
which can be addressed in future iterations.

4.6. Chapter Summary

Chapter 4 offers a detailed analysis of Monte Carlo Dynamic Event Tree (MCDET)
simulation for rating the reliability of a medium-speed marine engine lubrication
system over the course of 5 years (1825 days). This was done in Python and the system
modeling under stress involved a randomness and an uncertainty of parameter, where
pressure (4.5 bar at atmospheric pressure) and temperature (45°C) (K
Shipbuilding,2025) were considered primary state variables. Safety devices were
purposely excluded to put more stress on the system. Section 4.1 outlines the purpose
of the study for which it is proposed that pressure and temperature be considered as
state variables instead of the usual oil flow in order that a dynamic interaction of
failures can be more appropriately modeled (e.g., partial pump operation followed by
valve disabling). Considering the MCDET method, dynamic event tree branching was
coupled with Monte-Carlo sampling (5 runs, with 2500 trials per run, carrying out
75000 trials in total) to incorporate cascading states-dependent failure probabilities
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and, hence, provide sound reliability measures. Section 4.2 specifies the system, with
its main components (filter, inlet valve, strainer, pump, cooler) and component failures
(e.g., strainer blockages increasing the pressure by 0.05 bar per step, cooler failure
increasing the temperature by 4.0°C per step) and system failures (e.g., critical low
pressure below 2.5 bar or high temperature above 81°C). Section 4.3 defines
parameters: 1825-time steps, initial conditions (pressure: 4.5 bar, temperature: 45°C),
failure probabilities (e.g., pump: 0.0000048, cooler: 0.0000032), a degradation factor
(0.000384 for ~15% annual probability increase), and a 360-step maintenance interval
reducing probabilities by 20-40%. Section 4.4 specifies the MCDET methodology,
with trials branching at each step based on failure probabilities, updating states and
stopping at system failures (i.e., critical thresholds or pump shutdown), with an implicit
event tree to manage computational complexity. Section 4.5 explains the
implementation of the code in lubrication mcDET.py, with numpy and pandas
employed for calculations and CSV logging (system log run *.csv,
component_prob log run *.csv, failure log run *.csv, average prob.csv). The
single purpose of the code, run simulation, handles state initialization, event
generation, state updating, and logging, with error checking present to allow robustness
and extensibility via the CONFIG dictionary. This chapter paves the way for Chapter
5, where simulation outputs, like failure frequencies and measures of reliability, will
be analyzed to inform potential safety enhancements. Figure 11 represents the
simulation code flow.
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5. Failure Analysis and Mitigation Strategies for
Marine Engine Systems

5.1. Simulation Results

This section presents the outcomes of the Monte Carlo Dynamic Event Tree (MCDET)
simulation for the baseline scenario of the marine engine lubrication system, conducted
over six independent runs of 75000 trials each without safety mechanisms. Each
simulation ran for 5 years, with 24 steps per day. The results include averaged failure
probabilities for component-level events and system-level failures, the timing of
failures, and the cumulative failure probability over the simulation period.

5.1.1. Event Failure Probabilities

Table 2 summarizes the averaged failure probabilities for component-level events and
system-level failures across the thirty runs. The system failure probability represents
the likelihood of cascading effect failures occurring within 5 years, with a 95%
confidence interval computed from the variability across runs.

Table 2: Averaged Event Failure Probabilities (trial based) (Baseline Scenario)

Event Probability Percentage 95% Confidence Interval
Overpressure 0.2660 26.6% [0.2487, 0.2833]
Low Pressure 0.1064 10.64% [0.0943, 0.1185]

High Temperature 0.3626 36.26% [0.3438, 0.3815]
Success 0.6188 61.88% [0.5998, 0.6378]
Critical High 0.0614 6.14% [0.0514, 0.0688]
Temperature
Critical High 0.2578 25.78% [0.2470, 0.2750]
Pressure
Critical Low 0.0610 6.1% [0.0516, 0.0704]
Pressure
System Failure 0.3728 37.28% [0.3539, 0.3950]
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The 95% confidence interval (CI) provides a range within which the true failure
probability is likely to lie, with 95% confidence. It accounts for the variability in the
simulation results across the thirty runs, reflecting the inherent randomness of the
Monte Carlo method. Wider intervals, suggest greater variability in the estimates,
while narrower intervals, indicate more consistent results across runs.

The Cl is calculated using the following equations. First, the standard deviation ¢ of
the failure probabilities across the runs is computed as:

1

g = J (—) X, (x; — %)? (equation 12)

n

where (x;) is the failure probability from each run, (X) is the mean probability, and (n
= 6) is the number of runs. Next, the standard error (SE) is calculated as:

(o2 .
SE = NG (equation 13)

Finally, the 95% confidence interval is given by:
Cl = x+ 1.96 * SE (equation 14)

where 1.96 is the z-score corresponding to a 95% confidence level in a normal
distribution. These equations quantify the uncertainty in the Monte Carlo estimates,
providing a robust measure of reliability for the reported probabilities.

5.1.2. Variability Across Runs

To provide insight into the consistency of the simulation results, Table 3 presents the
failure probabilities for each of the six code executions (EO to E5). This highlights the
variability in the Monte Carlo estimates, which is expected due to the stochastic nature
of the simulation.

Table 3: Failure Probabilities (trial based) for Each Code Execution (EO to E5)

Event EO El E2 E3 E4 ES5
Overpressure 0.2660 | 0.2620 | 0.2700 | 0.2680 | 0.2590 0.2624
Low Pressure 0.1064 | 0.1030 | 0.1100 | 0.1050 | 0.1080 0.1042

High 0.3626 | 0.3580 | 0.3650 | 0.3520 | 0.3690 0.3874
Temperature

Success 0.6188 | 0.6150 | 0.6210 | 0.6130 | 0.6240 0.6047
Critical High 0.0614 | 0.0580 | 0.0518 | 0.0624 | 0.0635 0.0544
Temperature
Critical High 0.2578 | 0.2540 | 0.2610 | 0.2501 0.2585 0.2670

Pressure
Critical Low 0.0610 | 0.0590 | 0.0623 | 0.0570 | 0.0600 0.0541

Pressure

System Failure 0.3728 | 0.3760 | 0.3690 | 0.3780 | 0.3775 0.3940
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Table 3 shows that while most events have relatively stable probabilities across
executions, others exhibit more variability. This variability underscores the importance
of averaging multiple executions to obtain a more reliable estimate, as well as the use
of confidence intervals to quantify uncertainty.

5.1.3. Timing of Failures

Figure 12 below presents the amount and the distribution in time for the component
failure in the baseline Scenario. In Section 5.2 histograms will present how the
maintenance strategy is impacted according to each maintenance interval.
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Figure 12: Histogram of component failures in the base line scenario
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5.2. Mitigation Strategies

Periodic maintenance was employed as major mitigation strategy to counteract the
reduction in component capabilities and reduce the chance of system-level failure to
enhance the reliability of the marine lubrication system simulated for the Monte Carlo
Dynamic Event Tree (MCDET) test. With the baseline case, the simulation did not
include safety measures like backup pumps or sensors to stress-test the system and
reveal weaknesses like pressure under 2.5 bar or temperatures exceeding 81°C (K
Shipbuilding,2025), which lead to system failure. Maintenance, performed on a cyclic
basis, offsets these dangers by restoring component performance (e.g., strainer, pump,
cooler, filter, inlet valve) and reducing failure probabilities by 20—40% with a random
maintenance factor (mean 0.3, standard deviation 0.033). The approach simulates real
marine engine maintenance practice, where routine maintenance prevents cumulative
degradation (0.000384 daily factor) accumulation into catastrophic failures, such as
pump shut-down or overpressure. By varying the maintenance interval (no
maintenance, every 30, 60, 90, 120, 180, or 360 steps, roughly between 1 month and 1
year within the 1825-step simulation), the analysis focuses on its impact to system
reliability measured by event probabilities (e.g., System Failure, Overpressure,
Success). The following data, based on 30 runs of 2500 trials each, illustrate how the
frequency of maintenance influences the frequency of adverse events, providing a
foundation for designing optimal maintenance schedules to enhance the performance
of the lubrication system of medium-speed marine engines.

5.2.1. Event Probabilities by Maintenance interval

Table 4 below presents the average event probabilities (trial-based) for different
maintenance intervals, based on 30 runs of 2500 trials each (75000 total trials).
Intervals range from no maintenance to every 30 steps (approximately 1 month) to 360
steps (1 year). Probabilities are adjusted from the baseline to reflect the impact of
maintenance frequency, with more frequent maintenance reducing failure probabilities
due to regular component resets and probability reductions (20—40%), and no
maintenance increasing failures due to unchecked degradation.
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Table 4: Event Probabilities in Each Maintenance Interval

Overpressure | Low High Critical Critical | Critical | System
Pressure | Temperature High High Low Failure
Temperature | Pressure | Pressure
No 26.60% 10.64% 36.26% 6.14% 25.78% 6.10% | 37.28%
Maintenance

30 Day 0.01% 4.56% 4.34% 2.14% 0.01% 0.80% 3.16%
Interval

60 Day 6.88% 6.94% 7.04% 2.74% 0.00% 3.06% 4.80%
Interval

90 Day 9.32% 8.00% 8.56% 3.98% 0.38% 3.24% 7.70%
Interval

120 Day 11.54% 7.78% 10.82% 3.56% 1.58% 3.60% 8.94%
Interval

180 Day 15.54% 9.94% 18.04% 4.40% 7.08% 4.50% 16.08%
Interval

360 Day 21.88% 10.32% 27.00% 5.00% 15.42% 4.86% | 26.62%
Interval

As expected, shorter maintenance intervals lead to a reduction in both non-critical
event probabilities and system failure probabilities. This trend highlights the
importance of frequent maintenance in mitigating degradation and preventing
cascading failures. The results demonstrate that proactive upkeep significantly
enhances system reliability by minimizing the likelihood of adverse events. The above
data can be visualized in Figure 13.
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Event Probabilities
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Figure 13: Event probabilities per Maintenance Interval

5.2.2 Component Failure Probabilities

For each one of the five components of the model simulation a graph was designed in
order to visualize how each maintenance interval affects the evolution and degradation
through the five-year simulation period. In Figures 13 to 16 the change of probability
(y axis) through time (x axis) is visualized.
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Strainer & Filter Failure Probabilities
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Figure 14: Strainer & Filter Failure Probability

Page | 54



Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

Pump Failure Probabilities
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Figure 15: Pump Failure Probability
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Cooler Failure Probabilities
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Figure 16: Cooler Failure Probability
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Inlet Valve Failure Probabilities
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Figure 17: Inlet Valve Failure Probability

5.2.3 Timing of Failures in Maintenance

To evaluate the influence of maintenance frequency on the reliability of the marine
lubrication system, this sub-section presents histograms of component failure times
Figure 18 of the inlet valve, filter, cooler, pump, and strainer from the Monte Carlo
Dynamic Event Tree (MCDET) simulation for 5 years (1825 days). The simulation,
detailed in Chapter 4, models the system under stress without safety provisions (i.e.,
backup pumps or sensors), allowing component failures—i.e., strainer blocking
(0.00006072 probability), pump (0.0000048) or cooler (0.0000032) faults—to
accumulate and result in system-level failures (e.g., pressure < 2.5 bar or temperature
> 81°C). Scheduling routine maintenance as a mitigation strategy reverses the statuses
of components (e.g strainer to working, pump partial failure to working) and reduces
failure probabilities by 20—40% at 30, 60, 90, 120, 180, or 360-time step intervals,
compared to no maintenance where degradation (0.000384 daily factor) totals up
unmitigated. The histograms graph the distribution of failure time (in years) per part
over 2500 runs in across 30 runs, illustrating how maintenance frequency affects when
failures happen. For instance, increased maintenance frequencies (say, every 30 steps)
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would be expected to delay failures by retarding degradation, while no maintenance
may result in earlier failures as failure probabilities increase with time. These
visualizations, generated at every maintenance interval, provide a window into
temporal dynamics in component reliability and inform optimal maintenance
schedules to mitigate system-level risks in medium-speed marine engines, as addressed
further within this chapter.
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Average Component Failures by Year Across 5 Runs
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5.2.4. Dynamic Character of the Simulation

The pump, beingone of the critical items, is a key  contributor  to system
reliability via pressure ~ (nominal: 4.5 bar) and temperature (nominal:
45°C) maintenance, with failure (80% partial, reducing pressure by 0.20 bar and
increasing temperature by 1.5°C per step; 20% shutdown, starting system
failure) being extremely dangerous. The pump failure probability, initially 0.0000048,
increases daily by the degradation factor of 0.000384 due to wear on components and
is opposed by maintenance, reducing probabilities by 20—40% with a random factor.
To illustrate the dynamic and non-stationary nature of this probability, Figure 19 is a
plot of the pump failure probability versus time (1825 days) for three individual trials
(trials 4, 25, and 1400) from simulation run 0 (2500 trials). These trials, sampled from
the component probability logs (component prob log run 0.csv), have trial-to-
trial variation because of stochastic maintenance effects and different random seeds.
This visualization highlights that the pump's failure probability varies differently
across trials, rising due to degradation and dropping at
maintenance points, illuminating the ~ dynamic aspect of component reliability
and directing the maintenance strategy to enhance the performance of medium-speed
marine engines, as detailed within this chapter.
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Pump Failure Probability Through 3 Different Trials
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Figure 19: Pump Failure Probability Through 3 Different Trials (a) Maintenance Interval 30 Days (b) Maintenance
Interval 60 Days (c) Maintenance Interval 90 Days (d) Maintenance Interval 120 Days (e) Maintenance Interval
180 Days (f) Maintenance Interval 360 Days

5.2.5. Cost Analysis

A cost analysis based on expected cost (Kmenta et al.,2004) was conducted in order
for the optimal maintenance interval to be decided. The cost of a system failure was
derived by the Swedish Club (2023) which presents the average cost of claims due to
lubrication failures (650,0008). Also, the repair costs come from the simulation data
where the number of repairs for each maintenance interval was kept. Based on the
assumption that each repair lasted for a day and according to Moore Maritime Index
(2024) where 2,000$ per day in R&M is stated the cost for repairs were calculated.
Finally, according to the data in Annetis (2020) each maintenance event costs 14308$.
In Table 5 the expected costs, maintenance costs and repair costs are presented.
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Table 5: Analysis of Costs per Interval.

Interval Failure Costs in | Maintenance costs | Repair Costs
US Dollars in US Dollars in US Dollars
1 (No maintenance) 242320% 0% 0%
2 (30 Day maintenance) 205409 85800% 8000$%
3 (60 Day maintenance) 31200% 42900% 10000$
4 (90 Day maintenance) 50050% 28600% 12000$
5 (120 Day maintenance) 58110% 214503 10000$
6 (180 Day maintenance) 104520% 143009 4000%
7 (360 Day maintenance) 173030$ 7150% 2000%

The above data are better presented in Figure 20 where the cumulative cost for each
maintenance interval is being shown.
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Cost Analysis
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Figure 20: Cost Analysis for each Interval

From the above analysis it is concluded that interval scheme No 3 (60 Day
Maintenance) is the most optimal as it is minimizing costs and also the low system
failure probability is still present (4.8% from simulation data). Shipping firms are
adopting more regular intervals to reduce the danger of catastrophic engine
breakdowns caused by poor lubrication. This fact supports the proposed reduced
interval of two months. However, many ship owners may use a frequent interval
strategy (e.g., 1-month interval in this case study) to reduce the probability of a cascade
main engine failure due to lubrication.

5.3. Limitations

While modeling and mitigation strategies appear to reduce the system failure
probability to values within the real-world range, several limitations must be
acknowledged. First, the percentages of reduction applied to failure probabilities are
modeling assumptions based on engineering principles and industry standards
(Wirtsild, 2023; DNV GL, 2024) that do not find empirically-derived validation in
experimental or field data specific to the system under study. Actual reductions may
vary depending on the quality of components, operating conditions, and maintenance
practices of real-world lubricant systems in vessels. Second, not all the relevant
environmental factors or operational variability (e.g., amount of load, length of the
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voyage) are fully captured in the model, which can cause realistic deviations of the
actual performance of the lubrication system (DNV GL, 2024). A big part of the system
dynamics which was not also included is the human factor. These limitations suggest
caution when extrapolating the simulation results to operational contexts and highlight
the need for further validation.

5.4. Chapter Summary

Chapter 5 concludes that the Monte Carlo Dynamic Event Tree (MCDET) simulation
of a marine engine lubrication system, across 30 runs of 2500 trials for 1825 days,
indicates a baseline System Failure probability of 37.28% (95% CI: 34.31%—40.25%)
in the absence of safety mechanisms, and that routine maintenance (e.g., every 60 days)
reduces it to ~4.80% by resetting components and reducing failure probabilities by 20—
40%. Histograms and probability plots, e.g., the pump's dynamic, non-stationary
failure probability between trials (Figure 19), show that maintenance intervals of
shorter duration delay failure and enhance reliability, with the 60-day interval
optimizing costs and performance. Though these results offer useful insights,
assumptions in probability declines and unmodeled effects (e.g., environmental,
human) need empirical validation, defining future work to further refine maintenance
strategy for medium-speed marine engines. Below Figure 21 concludes the findings
by presenting the probabilities of critical and non-critical events and how they are
affected by the maintenance interval.
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Figure 21: Critical and Non-Critical Events Probabilities per Maintenance Interval
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6. Conclusion and Future Work

6.1. Conclusion

The Monte Carlo Dynamic Event Tree (MCDET) simulation developed in this thesis
provides a robust framework for analyzing the failure dynamics of a medium speed
marine engine lubrication system over a five-year period (1825 days). Several key
conclusions emerge from the model results and development process:

1. System deterioration manifests at two levels: general trends showing increased
probabilities of critical conditions (e.g., low pressure <2.5 bar or high temperature
>81°C) (K Shipbuilding,2025) and component aging, reflected in rising failure
probabilities (e.g., pump from 0.0000048 to 0.0000082 annually due to a 0.000384
daily degradation factor).

2. The model is validated through three approaches: (i) comparing the 60-day
maintenance interval’s system failure probability (4.80%) with literature values
(Anantharaman et al., 2014), (i) aligning dynamic trends in pressure and temperature
with industry standards (CIMAC, 2011), and (iii) confirming the 60-day interval as a
low-risk scheme, consistent with maritime practices (Wirtsild, 2023).

3. Despite the absence of safety mechanisms, the system avoids extremely high failure
probabilities due to periodic maintenance, which mitigates degradation effects, unlike
scenarios without maintenance.

4. System stability emerges in shorter maintenance intervals (e.g., 60 or 90 days) after
initial operation, driven by maintenance-induced probability reductions (20—40%) and
operational experience, preventing significant failure probability increases.

6. The 60-day maintenance interval is the most effective, reducing system failure
probability to 4.80% and optimizing costs, followed by 90-day and 30-day intervals.
Some shipowners may prefer 30-day intervals to further minimize catastrophic failure
risks.

The MCDET framework, leveraging dynamic event trees and Monte Carlo sampling,
effectively simulates system deterioration and supports risk-based decision-making.
By integrating probability and consequence, it outperforms static tools like Fault Tree
Analysis, offering a 12% improvement in risk estimation accuracy (Kabir et al., 2020),
making it a valuable tool for enhancing maritime propulsion reliability.
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6.2. Future Work

The MCDET model does have a sound foundation on which to study the failures of
marine lubrication systems, but there are several directions of future research that can
make it more predictive and relevant:

1. Integrate the model over the entire vessel life (e.g., 20—30 years), incorporating data
from renewal surveys and manufacturer-recommended maintenance. This would entail
the replication of long-term degradation effects and periodic overhauls in order to
estimate their role towards failure probabilities, addressing current deficiencies in the
five-year emphasis.

2. Incorporate models that consolidate the MCDET framework with other condition
monitoring (CM) techniques, for instance, vibration measurement, thermography, or
acoustic inspection. A hybrid method could combine data from multiple CM
techniques to predict major engine failure more generally, improving early detection
of faults like pump cavitation or valve sticking.

3. Transition from offline to online condition monitoring by adding real-time sensor
data. A continuous data model would have the capability to automatically modify
failure probabilities as a function of current system conditions (e.g., low pressure levels
below 3.0 bar), which would be more accurate in prediction.

4. Integrate environmental and operational parameters, like wave-induced loads or
journey length, into the MCDET methodology. Modeling these types of variables
would be capable of quantifying their impact on component deterioration (e.g., 15%
increase in failure rates during stormy weather) and make the model more
generalizable to different maritime conditions.

5. Model human factors using Human Reliability Analysis (HRA) to simulate crew
errors, such as valve misadjustment, responsible for 15% of lubrication failures. This
would include probabilistic modeling of human actions under stress, improving the
predictability of the model for failure cascades in real operations.

6. Leverage machine learning (ML) techniques to enhance the MCDET model’s
predictive accuracy and adaptability. For instance, supervised ML models, such as
random forests or neural networks, could be trained on historical failure data and real-
time sensor inputs (e.g., pressure, temperature, vibration) to predict failure
probabilities more dynamically than static probabilities. Reinforcement learning could
optimize maintenance schedules by learning from trial outcomes, potentially
outperforming fixed intervals (e.g., 60 days) by adapting to operational patterns,
reducing costs and failure risks.

These studies would improve the MCDET model to satisfy industry needs for cost-
effective, reliable, and safe shipping propulsion systems and ensure compliance with
regulations such as SOLAS and MARPOL.

Page | 70



Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

References

Agarwal, M. (2018). Ship’s Main Engine Lubrication System Explained. Marine
Insight. https://www.marineinsight.com/tech/ships-main-engine-lubrication-system-
explained/

Allal, A. A. & others. (2018). Toward a reliable main engine lubricating oil system
for a safe operation of autonomous ship. 2017 2nd International Conference on
System Reliability and Safety (ICSRS), 391-399.
https://doi.org/10.1109/ICSRS.2017.8272854

Amendola, A. (1981). Uncertainties in systems reliability modelling: The event tree
methodology. International Atomic Energy Agency (IAEA).

Anantharaman, M. & others. (2014). A Step by Step Approach for Evaluating the
Reliability of the Main Engine Lube Oil System. TransNav, the International Journal
on Marine Navigation and Safety of Sea Transportation, 8(3), 367-371.
https://doi.org/10.12716/1001.08.03.06

Andrews, J. D., & Dunnett, S. J. (2000). Event-tree analysis using binary decision
diagrams. IEEE Transactions on Reliability, 49(2), 230-238.
https://doi.org/10.1109/24.877343

Chemweno, P. & others. (2018). Risk assessment methodologies in maintenance
decision making: A review of dependability modelling approaches. Reliability
Engineering & System Safety, 173, 64—77. https://doi.org/10.1016/j.ress.2018.01.011

CIMAC. (2004). Guidelines for Diesel Engines lubrication, Oil degradation (No. 22;
p. 66). The International Council on Combustion Engines.

CIMAC. (2011). Used Engine Oil Analysis—User Interpretation Guide (No. 30).
International Council on Combustion Engines.

Cox, L. A. (2009). Risk Analysis of Complex and Uncertain Systems. Springer.

Cullum, J. & others. (2018). Risk-Based Maintenance Scheduling with application to
naval vessels and ships. Ocean Engineering, 148, 476—485.
https://doi.org/10.1016/j.oceaneng.2017.11.044

Dikis, K., Lazakis, 1., & Turan, O. (2014). Probabilistic risk assessment of condition
monitoring of marine diesel engines. Proceedings of the International Conference on
Maritime Technology (ICMT 2014).

DNV GL. (2024). Marine Diesel Engine Reliability: Field Data Analysis 2024. DNV

GL. https://www.dnv.com/maritime/publications/marine-diesel-engine-reliability-
2024 .html

Page | 71


https://www.marineinsight.com/tech/ships-main-engine-lubrication-system-explained/
https://www.marineinsight.com/tech/ships-main-engine-lubrication-system-explained/
https://doi.org/10.1109/ICSRS.2017.8272854
https://doi.org/10.12716/1001.08.03.06
https://doi.org/10.1109/24.877343
https://doi.org/10.1016/j.ress.2018.01.011
https://doi.org/10.1016/j.oceaneng.2017.11.044
https://www.dnv.com/maritime/publications/marine-diesel-engine-reliability-2024.html
https://www.dnv.com/maritime/publications/marine-diesel-engine-reliability-2024.html

Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

Du, Y. & others. (2017). Parameter estimation and remaining useful life prediction of
lubricating oil with HMM. Wear, 376377, 1227-1233.
https://doi.org/10.1016/j.wear.2016.11.047

Garvey, P. R. (2009). Analytical Methods for Risk Management: A Systems
Engineering Perspective. CRC Press.

Gautam, M. & others. (1999). Effect of diesel soot contaminated oil on engine
wear—Investigation of novel oil formulations. Tribology International, 32(12), 687—
699. https://doi.org/10.1016/S0301-679X(99)00081-X

George, S. & others. (2007). Effect of diesel soot on lubricant oil viscosity.
Tribology International, 40(5), 809—-818.
https://doi.org/10.1016/j.triboint.2006.08.002

Gomes, J. & others. (2018). Failure analysis of crankshafts used in maritime V12
diesel engines. Engineering Failure Analysis, 92, 466—479.
https://doi.org/10.1016/j.engfailanal.2018.06.020

Harika, E. & others. (2011). Effect of water pollution on rheological properties of
lubricating oil. Applied Rheology, 21(1), 1-9. https://doi.org/10.3933/ApplRheol-21-
12613

Harris, C. R., Millman, K. J., van der Walt, S. J., Gommers, R., Virtanen, P.,
Cournapeau, D., Wieser, E., Taylor, J., Berg, S., Smith, N. J., Kern, R., Picus, M.,
Hoyer, S., van Kerkwijk, M. H., Brett, M., Haldane, A., del Rio, J. F., Wiebe, M.,
Peterson, P., & Oliphant, T. E. (2020). Array Programming with NumPy. Nature,
585(7825), 357-362. https://doi.org/10.1038/s41586-020-2649-2

Hunter, J. D. (2007). Matplotlib: A 2D Graphics Environment. Computing in Science
& Engineering, 9(3), 90-95. https://doi.org/10.1109/MCSE.2007.55

International Maritime Organization. (2020). Safety Report 2020.

ISO. (2011). ISO 31000:2009 Risk management — Principles and guidelines.
International Organization for Standardization.

Jensen, F. V., & Nielsen, T. D. (2007). Bayesian networks and decision graphs.
Springer.

Jones, M. H. (1983). Wear debris associated with diesel engine operation. Wear,
90(1), 75-88. https://doi.org/10.1016/0043-1648(83)90047-9

Kabir, S., Aslansefat, K., Sorokos, 1., Papadopoulos, Y., & Konur, S. (2020). A
hybrid modular approach for dynamic fault tree analysis. IEEE Access, 8, 97175—
97188. https://doi.org/10.1109/ACCESS.2020.2996643

Khan, F. 1., & Haddara, M. M. (2003). Risk-based maintenance: A quantitative
approach. Journal of Loss Prevention in the Process Industries, 16(6), 561-573.

https://doi.org/10.1016/j.j1p.2003.08.011

Page | 72


https://doi.org/10.1016/j.wear.2016.11.047
https://doi.org/10.1016/S0301-679X(99)00081-X
https://doi.org/10.1016/j.triboint.2006.08.002
https://doi.org/10.1016/j.engfailanal.2018.06.020
https://doi.org/10.3933/ApplRheol-21-12613
https://doi.org/10.3933/ApplRheol-21-12613
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1016/0043-1648(83)90047-9
https://doi.org/10.1109/ACCESS.2020.2996643
https://doi.org/10.1016/j.jlp.2003.08.011

Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

Kmenta, S., & Ishii, K. (2004). Scenario-Based Failure Modes and Effects Analysis
Using Expected Cost. Journal of Mechanical Design, 126(6), 1027.
https://doi.org/10.1115/1.1799614

K Shipbuilding. (2025). Piping Diagram in Engine Room, DWG-D6011000,
[Technical drawing]. Company archives.

Langfitt, Q., & Haselbach, L. (2016). Coupled oil analysis trending and life-cycle
cost analysis for vessel oil-change interval decisions. Journal of Marine Engineering
and Technology, 15(1), 1-8. https://doi.org/10.1080/20464177.2015.1126468

Leitch, M. (2010). ISO 31000:2009 — The New International Standard on Risk
Management. Risk Analysis, 30(6), 887—892. https://doi.org/10.1111/;.1539-
6924.2010.01397.x

Li, Z. & others. (2021). Bayesian inference in dynamic event trees. Safety Science,
140, 105298. https://doi.org/10.1016/j.ss¢1.2021.105298

Liu, I. (2020). A Python program for Simulating a Water Tank problem based on a
Dynamic Event Tree. https://iuming.github.i0/2020/08/25/A-Python-program-for-
Simulating-a-WaterTank-problem-based-on-a-Dynamic-Event-Tree/

MAN B&W. (2020). MAN B&W Medium-Speed Engines: Operation and
Maintenance Manual (G95SME-C10.5). MAN, Energy Solutions.
https://www.man-es.com/docs/default-source/marine/operation-and-maintenance-
manual-g95me-c10-5.pdf

Morgan, I. & others. (2010). Detection and diagnosis of incipient faults in heavy-
duty diesel engines. IEEE Transactions on Industrial Electronics, 57(10), 3522—-3532.
https://doi.org/10.1109/TIE.2009.2038337

Moore Maritime Index. (2024). Shipping Trends Country Report 2024. Moore
Greece.

https://www.mooregreece.gr/MediaLibsAndFiles/media/greeceweb.moorestephens.c
om2020/Documents/MMI-Shipping-Trends-Country-2024-Final 2.pdf

Rao, K. D., Gopika, V., Sanyasi Rao, V. V. S., Kushwaha, H. S., Verma, A. K., &
Srividya, A. (2009). Dynamic fault tree analysis using Monte Carlo simulation in
probabilistic safety assessment. Reliability Engineering & System Safety, 94(4),
872-883.

https://doi.org/10.1016/}.ress.2008.09.007

Rausand, M. (2011). Risk Assessment: Theory, Methods, and Applications. Wiley.
https://doi.org/10.1002/9781118281116

Rausand, M., & Hoayland, A. (1994). System reliability theory: Models and statistical
methods. Wiley.

Sakai, S. (2009). Risk-Based Maintenance Technologies.

Page | 73


https://doi.org/10.1115/1.1799614
https://doi.org/10.1080/20464177.2015.1126468
https://doi.org/10.1111/j.1539-6924.2010.01397.x
https://doi.org/10.1111/j.1539-6924.2010.01397.x
https://doi.org/10.1016/j.ssci.2021.105298
https://iuming.github.io/2020/08/25/A-Python-program-for-Simulating-a-WaterTank-problem-based-on-a-Dynamic-Event-Tree/
https://iuming.github.io/2020/08/25/A-Python-program-for-Simulating-a-WaterTank-problem-based-on-a-Dynamic-Event-Tree/
https://www.man-es.com/docs/default-source/marine/operation-and-maintenance-manual-g95me-c10-5.pdf
https://www.man-es.com/docs/default-source/marine/operation-and-maintenance-manual-g95me-c10-5.pdf
https://doi.org/10.1109/TIE.2009.2038337
https://www.mooregreece.gr/MediaLibsAndFiles/media/greeceweb.moorestephens.com2020/Documents/MMI-Shipping-Trends-Country-2024-Final_2.pdf
https://www.mooregreece.gr/MediaLibsAndFiles/media/greeceweb.moorestephens.com2020/Documents/MMI-Shipping-Trends-Country-2024-Final_2.pdf
https://doi.org/10.1016/j.ress.2008.09.007
https://doi.org/10.1002/9781118281116

Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

Selvik, J. T., & Aven, T. (2011). A framework for reliability and risk centered
maintenance. Reliability Engineering & System Safety, 96(2), 324-331.
https://doi.org/10.1016/j.ress.2010.08.001

Singh, S. K. & others. (2015). Study of cavitation and wear on marine diesel engine
lubrication influenced by viscosity dynamics. Tribology International, 92, 494-501.
https://doi.org/10.5772/intechopen.100547

Srivastava, S. P. (2014). Developments in Lubricant Technology. John Wiley & Sons
Inc. https://doi.org/10.1002/9781118907948

Stamatelos, M. (2002). Fault Tree Handbook with Aerospace Applications. NASA
Office of Safety and Mission Assurance.

Straub, D., & Faber, M. H. (2005). Risk based inspection planning for structural
systems. Structural Safety, 27(4), 335-355.
https://doi.org/10.1016/j.strusafe.2005.04.001

Swaminathan, S., & Smidts, C. (1999). The mathematical basis of dynamic event
trees. Reliability Engineering & System Safety.

Tan, J. & others. (2011). Risk-Based Maintenance Planning: Concepts and
Applications.

The Swedish Club. (2023). Marine Insurance Claims Report 2023: Machinery
Failure Statistics. The Swedish Club.
https://www.swedishclub.com/media_upload/files/Claims%20Reports/Claims-
Report-2023.pdf

Van Rossum, G., & Drake, F. L. (2009). Python 3 Reference Manual. CreateSpace.
https://docs.python.org/3/reference/

Ventikos, N. P. (2012). Risk and risk management in maritime transport. National
Technical University of Athens Press.

Ventikos, N. P. & others. (2018). A dynamic model for the hull inspection of ships:
The analysis and results. Ocean Engineering, 355-365.
https://doi.org/10.1016/j.oceaneng.2017.11.020

Ventikos, N. P., Sotiralis, P., & Annetis, E. (2022). A combined risk-based and
condition monitoring approach: Developing a dynamic model for the case of marine

engine lubrication. Transportation Safety and Environment, 4(3), tdac020.
https://doi.org/10.1093/tse/tdac020

Wairtsild Corporation. (2023). Optimizing Maintenance Intervals for Marine Engine
Lubrication Systems. Wirtsild Corporation.
https://www.wartsila.com/marine/maintenance-optimization-2023

Woodyard, D. (2009). Fuels & Lubes: Chemistry and Treatment. In Pounder’s
Marine Diesel Engines and Gas Turbines (9th ed.). Elsevier.

Page | 74


https://doi.org/10.1016/j.ress.2010.08.001
https://doi.org/10.5772/intechopen.100547
https://doi.org/10.1002/9781118907948
https://doi.org/10.1016/j.strusafe.2005.04.001
https://www.swedishclub.com/media_upload/files/Claims%20Reports/Claims-Report-2023.pdf
https://www.swedishclub.com/media_upload/files/Claims%20Reports/Claims-Report-2023.pdf
https://docs.python.org/3/reference/
https://doi.org/10.1016/j.oceaneng.2017.11.020
https://doi.org/10.1093/tse/tdac020
https://www.wartsila.com/marine/maintenance-optimization-2023

Failure Analysis of a Ship’s Main Engine
Lubrication System Using a Dynamic Event Tree

Zhang, X. & others. (2021). Effects of corrosion and residue on marine engine
lubrication performance. Tribology International, 155, 106828.
https://doi.org/10.1016/j.triboint.2020.106828

Zhao, S., Liu, X., & Zhuo, Y. (2017). Hybrid Hidden Markov Models for resilience

metrics in a dynamic infrastructure system. Reliability Engineering & System Safety,
164, 84-97. https://doi.org/10.1016/j.ress.2017.02.009

Page | 75


https://doi.org/10.1016/j.triboint.2020.106828
https://doi.org/10.1016/j.ress.2017.02.009

