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ABSTRACT 

The electric power generation system of most ships is powered by a group of diesel generators generally with 
redundancy to accommodate peak load periods or critical situations. Blackouts onboard ships portents a potential 
danger to navigation as well as the security and safety of the ship. Thus, understanding the factors affecting the 
reliability of individual diesel generators and the most critical component to failure is key to ensuring reliable 
performance of the generators. Therefore, this study was conducted on diesel power generation plant consisting of four 
Marine Diesel Generators onboard an Offshore Patrol Vessel (OPV). Findings indicates relatively low reliability, of 
less than 60 per cent within the first 24 months of the 78 operational months data analysed. Similarly, reliability 
importance measures were adopted to identify Critical components which contribute at least 40 per cent of failures on 
the sub systems of the diesel generators. The use of dynamic spare gates in the dynamic fault tree analysis has 
highlighted possible improvements through maintenance action or use of sensors to improve sub-system as well as 
individual diesel generator’s reliability. Additionally, Artificial Neural Networks classification using unsupervised 
learning was conducted to identify patterns in the data that signifies the onset of performance degradation in the diesel 
generators. 
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1. Introduction

The desire to achieve a reliable and uninterrupted power supply onboard ship necessitated the need to have multiple 
power plants operating individually or in groups. This redundant or standby systems are often critical in mitigating the 
impact of failures especially during emergency situations. It is not likely that failures can be eliminated especially those 
related to inappropriate practices, material and sensor related failures. Nonetheless, the understanding of how failure 
occurs onboard ship machinery is critical to mitigating unplanned maintenance work. Understanding that the 
performance of mechanical system and equipment deteriorates as result of fouling, degradation or aging is also a factor 
in establish an appropriate maintenance concept.   

Maintenance is define as a combination of all technical, administrative and managerial actions during the life cycle of 
an item intended to retain it in, or restore it to a state in which it can perform the required function[1]. Therefore, in 
order to ensure availability of equipment and systems, operators require an efficient maintenance approach that can 
minimise failures and reduce downtime through the life cycle of the asset or machinery [2]. In this regard there are 
different maintenance approaches that can provide various features depending on what the operator considers as 
important while ensuring that regulations are respected. In general ships are supplied with Planned Maintenance 
schedules drawn from original equipment manufacturers (OEM) operating manual. These initial documents can help 
with routine checks and maintenance especially when most system are new. However, operating conditions such as 
climate, operating profile, technical capacity and availability of genuine spare parts and other consumables such as 
fuel and lubricating oil could invalidate the initial as supplied maintenance plan or approach.  

It is therefore clear that to provide an efficient maintenance onboard ship a new approach that addressees the 
aforementioned is required. In order to achieve that, a combined platform that rides on the strength of the existing 
traditional maintenance approach and flexibility afforded by development of sensor technology as well as insight 
through data analysis can provide an efficient solution to challenges in ship maintenance [3]. Similarly, the combined 
use of reliability analysis tool and machinery health monitoring data would help with early detection of failure in 
equipment [4]. On the other hand, relying on the traditional maintenance approaches namely Corrective, Predictive 
and Planned maintenance are inherently short of the demands for equipment  
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maintenance onboard ships, especially to do with risk of failure and reduced maintenance cost [5]. In this regard, the 
approach in this research seeks to understand the reliability of equipment based on component criticality and how these 
components failures can be established by analysing features of various working mediums. Accordingly, the review of 
current literature was made across industries particularly maritime and naval shipping. The research methodology was 
discussed highlighting the relevant steps in the paper and case study with results and analysis on the application of the 
work is presented.  

2. Background and Literature Review

2.1 Reliability in Maintenance 

Research in the field of maintenance has received a lot of attention in the last 2 decades, with much of the research 
focusing on Condition Based Maintenance Techniques (Figure 1). This could be influenced by the advent of reliability 
centred maintenance which is largely based on condition-based maintenance techniques and a viable replacement to 
Planned/time-based maintenance concepts [6]. Nonetheless, Predictive Maintenance techniques were widely 
researched with authors such as Lazakis et al [7][8] and Okoh [9] providing efficient optimisation models for such 
implementation. Most of the works in optimising PM methods only brings PM closer to CBM.  CBM as compared to 
other maintenance concept allows for more efficient implementation and enables machinery availability as evident in 
Lazakis et al [3]. However, the challenge with CBM as in RCM is with instrumentation and computerisation of its 
monitoring which makes it difficult to implement as argued in Olde et al [10]. Another drawback in CBM was in risk 
and reliability identification[7]. In this regard Lazakis et al came up with Risk and Criticality based maintenance 
(RCBM) which is more of an intuitive maintenance concept that draws from both expert knowledge and fault diagnosis 
techniques such as Fault and Event Tress, Failure Mode, Effect and Criticality Analysis and other Multi Criteria 
Decision making techniques.  RCBM as a maintenance concept emphasises the criticality of an equipment to operations 
and the risk to operators and operation. It therefore enables concentration of efforts and resource to that equipment or 
component hence achieving increased availability to reduced maintenance cost.   

Risk based maintenance (RBM) approaches have equally received good attention this is mainly to enhance safety of 
operations and personnel. The strength in this maintenance approach lies with Risk Based Inspection through 
Equipment/ Structural Health Monitoring techniques. Kumar, G et.al [11], Dikis, K et.al [12], Lazakis, I [4] and 
Cullum, J. et al., [13]were among the numerous papers on RBM except Lazakis, I [4]and Cullum, J. et al.,[13] provides 
insight on marine application of RBM. Several other authors have written on Risk Based Maintenance (RBM)[13], 
Criticality-Based Maintenance and Opportunistic Maintenance[14]. However, in the maritime industry the focus is 
more on risk, reliability and criticality of systems or equipment regarding operations, economy and safety of the ships 
or offshore structures [15]. It therefore, means that more attention is giving to data analysis techniques that would aid 
efficient decision making saving time and cost[4]. In this regard other authors write on online health monitoring to 
take advantage of big data or internet of things (IoT) as appeared in Cort, et.al[16] and Joeri et.al [17]however one 
major challenge is the issue of security as highlighted in Ford, et.al [18]. 

Figure 1: Prevalence of CBM against other maintenance concept in literature 
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The main enablers of the advances in the maintenance concepts and decision-making ability are techniques which all 
writers depend on; namely logic and mathematical approaches that helps in streamlining human thoughts[7]. These 
can be grouped into trouble shooting, and fault diagnosis through the use of fault tree analysis (FTA) Failure Mode 
Effect (and Criticality) Analysis (FMEA/FMECA), Failure Mechanism Analysis (FMA). The outcome of analysis 
from these tools are used to aid decision making  with  approaches such as Fuzzy Multiple Attributive Group Decision-
Making (FMAGDM), Multi criteria decision making, Decision support system (DSS), Analytical Hierarchy Process 
(AHP), Analytical Network Process (ANP) Model Based Dependability Analysis (MBDA)[4]. Other multi attributive 
tools used for decision making and prognosis includes Bayesian Network (BN), Dynamic Bayesian Network (DBN), 
Neural Networks (NN), Artificial Neural Networks (ANN)[19]. All of this are used in combination to produce some 
desired outcome towards improvements in maintenance. Accordingly, improvements in analytical methods, 
availability of instrumentation and data management has greatly led to more efficient life cycle management of ships 
and offshore facilities[20],[21]. 

2.2  Fault Tree Analysis 

Fault tree analysis (FTA) is a static  method for analysing component faults in systems or equipment by identifying all 
possible causes of likely failures and impacts on the system through the logical analysis of dependencies of basic events 
that lead to the undesired event, the top event of the fault tree [22][19].  The faults depicted by the basic events could 
be anything from normal faults to human errors or any other situation that could make the equipment not to function 
well [23].  Fault Tree Analysis (FTA) procedure is based on Boolean law by applying gates and events to describe 
faulty components and possible event(s) that could develop a fault [24]. FTA is an important tool for reliability and 
risk analysis as it provides critical information used to prioritize the importance of the contributors to the undesired 
event. However, some limitation in FTA made it difficult to model some dynamics in machinery operations reliability 
requirements. In static FTA failure depends on the set of failed items, in which case spare or stand-by systems are not 
recognised. As such, the impact of functional dependencies, redundant systems as well possible interventions to 
improve reliability are not considered. Some of these short comings gave rise to dynamic fault tree analysis (DFTA) 
[25]. DFTA is an extension of standard fault tree analysis (FTA) that provides for time or sequence dependent analysis 
and can also prioritise events for analysis [26]. DFTA is used in several other application particularly in the areas of 
risk and reliability analysis[27].   

 2.3 Artificial Neural Networks 

Artificial neural networks have been extensively researched and applied for classification and prediction purposes in 
numerous fields of study. Mandic and Chambers [28] described them as networks composed of a number of nonlinear 
computational elements which operate in parallel and are arranged in a manner similar to biological neural 
interconnections. Wu et al [29] utilised ANN for predictive maintenance, in another work which combines ANN and 
reliability tools  [4] use ANN dynamic time series to predict temperatures of a ship main diesel engine.  ANN were 
also employed in data-driven analysis for predicting ship main engine fuel oil consumption with remarkable outcomes 
compared to other methods as presented in [30]. Similarly Raptodimos et al [8] presented an ANN Self-organising 
map  for clustering of main engine parameters for anomaly detection which can be used for diagnostic  and prognosis. 

3. Methodology

The research methodology is utilising the combined strength of dynamic fault tree reliability analysis for system 
reliability and criticality, artificial neural network for diagnosis and fault prediction, then Bayesian Belief Network for 
maintenance decision support system. On boad data collection was conducted on the selected case study ships, during 
which raw machinery log data and maintenance, repair and overhaul (MRO) data were obtained. The methodology is 
hinged on 3 broad areas, which are the System reliability analysis using DFTA, fault detection and prediction using 
ANNs while BBN was used for developing a maintenance decision support system. However, due to paper extent 
constraints, the present paper will include the DFTA and ANN analysis tools only. In this regard DFTA analysis was 
conducted on diesel generators to identify most critical component and to provide possible ways to improve 
maintenance on board ships. This process would assist both onboard technical staff as well as shore support units. The 
process of the research involves collection of machinery data from an Offshore Patrol Vessel (OPV) which was then 
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analysed to generate outputs relevant to machinery health performance indicators. Figure 2 is schematic diagram of 
the research methodology showing the link between the 3 areas. 

 
 

 
3.1 Dynamic Fault Tree Analysis 
 

Fault Tree Analysis (FTA) procedure is based on Boolean law by applying gates and events to describe faulty 
components and possible event(s) that could develop a fault. FTA is an important tool for reliability and risk analysis 
as it provides critical information used to prioritize the importance of the contributors to the undesired event i.e., fault 
or failure. However, FTA has some short comings to do with sequence dependencies, temporal order of occurrence 
and redundancies due to standby systems. Therefore, DFTA with addition of 4 gates and 1 basic event has provided a 
much flexible way of modelling faults/failures in complex systems with respect to sequence and dependencies, which 
means the temporal order of the occurrence of events is important to analysis. Figure 3 is a representation of the DFTA 
methodology steps. 

 

 

 

 

 

 

 

 

 

Maintenance 

Documentation 

Maintenance Repair 

and Overhaul Records 

DFTA 

Failure Rates 

Reliability Availability 
Criticality 
Cut Set 

Component failure 

aggregation and 

indexing 

Figure 3: DFTA Reliability steps 

 

Figure2: Methodology process. 

 

Application of artificial neural network and dynamic fault tree analysis to enhance reliability in predictive ship machinery health condition monitoring

4



3.2 Reliability Importance Measures 
 
Reliability importance measures (IM) are a means to identify the most critical component or situation that contributes 
to the occurrence of the basic event leading up to equipment failure or top event occurrence. The IM can also assist in 
identifying the event that, if improved, is most likely to produce significant improvement in equipment or system 
performance[26]. In essence the IM helps the operators, maintenance crew, administrators including regulatory agency 
in prioritisation of actions that could improve equipment or system reliability. There are three IM approaches used for 
initial analysis in this research; namely Birnbaum (Bir), Fussell-Vesely(F-V) and Criticality (Cri). The Bir IM evaluates 
the occurrence of the top events based the probability of basic event occurring or not occurring, hence the higher the 
probability of the basic events the high chances of top event occurring[26].  Criticality (Cri) IM is calculated in a 
similar way to Bir IM except that it considers the probability in the occurrence of the basic event to the occurrences of 
the top event. On the other hand, the F-V calculation adopts an entirely different approach in that; it uses the minimal 
cut set summation i.e., the minimum number of basic events that contribute to the top event.  Therefore, the F-V 
consider the contribution of the basic event to occurrence of the top event irrespective of how it contributes to the 
failure. 

In this regard, in order to enable a robust criticality analysis for more than 290 basic events modelled at component 
level failures per individual DG, the Bir IM was adopted. The Bir calculation method provides more accurate results 
as compared to the other 2 IM, this is because it considers all possible failures based on their individual contributions 
and occurrence. Moreover, the use of dynamic gates also provides additional complexity to the calculation in that the 
location of event, the type and position of gates must be considered for calculating the reliability of the component. 
For instance, some of the draw backs with the Cri and F-V is  the possibility of overlooking or over emphasising faults 
which might give rise to high reliability or low reliability. The cut set approach used to determine criticality in F-V 
method could give rise to false high reliability depending on the connection of the events to the top gate, especially 
when using non dynamic gates as it tends to consider only the probability of occurrence against sequences and 
dependencies.   

 

3.3 Cut Set 
 
The outcome of reliability analysis provides several additional important insights on failure or fault development one 
of such is the cut set. Cut sets are set of events, which if they all occur, will result in the occurrence of the top event ie 
fault or failure [24].  Cut sets are a product of the fault tree which forms the failure path of an evaluated fault tree. In 
this regard, minimal cut set, is the smallest set of basic events, which if they all occur will result in the top event 
occurring[24]. However, it is important to note that a single basic event can equally form a cut set depending on the 
arrangement of the fault tree, Figure 6a is an example of cut set in which BE1 or BE2 with either BE2 or BE4 or both 
must occur for the top event to occur. However, figure 6b with similar structure with an OR top gate is slightly different, 
in that, all the nodes connecting to the top event can be potential cut sets; this highlights potential area where 
improvements can be achieved either through redesign or simply altering the system to improve its reliability. 

                                                                  

          Figure 4a: Cuts set formation                                     Figure 4b: Cuts set formation 

 
3.4 Spare Gates 
 
Spare gates are used to represent spares or redundancy in systems, basically spares gates are categorised into hot, warm 
or cold spares depending on their connection to the system which can be represented with 1 as active spare, 0-1 as 
warm spare and 0 as cold spare[24]. A cold spare doesn’t fail if the main spare failed while active and warm spares 
can fail with the failure of the main spare. This feature allows spare gates to be used to mimic improvement in system 
configuration or maintenance action that could improve reliability[31]. In this respect, spare gates were used to improve 
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the reliability of some critical system whose failure would lead to extended down time and longer time to repair in the 
research. 

3.5 Artificial Neural Network 

Artificial Neural Network (ANN) have been applied in the field of maintenance for machinery health analysis and 
prediction of machinery condition by various authors. Therefore, riding on the existing success and procedures in the 
use of ANN for machinery data analysis, this research will employ ANN for fault classification and detection, fault 
prediction and machinery remaining useful life analysis. The application of ANN in the research is mainly fault 
(anomaly) classification, regression analysis and remaining useful life. Figure 5 shows the methodology steps for 
machine learning aspect of the research. 

 Figure 5: Methodology steps for the machine learning data analysis. 

3.3.1 Clustering 

In general, there 2 types of machine learning, namely supervised and unsupervised learning. The supervised machine 
learning is used to train a labelled model using a labelled that, that is the features to be looked out are already know 
there the algorithm is trained to look out those features in the input data. On the other hand, unsupervised learning 
deals with unlabelled data which means the algorithm will identify the unique features in the data and partition it 
accordingly. Self-Organising Maps is the ANN algorithm for clustering and can be used for dimensionality reduction 
that can give insight about high dimensional data with minimal computing [32]. Unsupervised learning is useful for 
exploring data in order to understand the natural patten of the data especially when there is no specific information 
about significant incidents in the data that can easily point to some fault indicators. The data collected was hourly 
machinery log of the DGs hence with no indication failure or maintenance periods. Therefore, the best possible method 
to get the information was to conduct cluster analysis, consequently ANN SOM was used for dimensionality reduction 
and clustering in the collected data from the case study ships. 

Table 1: Diesel generator operating parameters 

No Parameter Operating Ranges Alarm 
1 Lubricating Oil Pressure 0.4->0.55 Mpa 0.6 

2 Cooling Fresh Water Temperature 75-80 >85 OC
3 Lubricating Oil Temperature 80-110 120 OC
4 Fresh water pressure >0.02-0.15Mpa >0.3

5 Exhaust Gas temperature 220-440 OC >520
6 Engine Speed 1789-1800RPM 2052 RPM
7 Power Out Put Max 440KVA 440Kva

8 Generator running hours From 2000hours
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4. Case Study 
 
Failure rate data over a period of 6 calendar years obtained from the maintenance records was used as input, summary 
of the failure rates for 4 DG is shown Table 2. Therefore, using the generated data, system reliability and criticality 
measures are obtained from the DFTA results. Hence establishing the unreliability in the system as well as the 
machinery, while identifying the most critical component in the system or machinery. In addition, the cut set function 
of the DFTA is relevant in analysing the failure path and possible way of mitigating them. Furthermore, the output 
from the DFTA tool namely machinery reliability, component criticality and cut set are going to form a very important 
input for the ANN analysis. Similarly, machinery operational health parameter were collected, the data obtained from 
the 4 diesel generators comprised of 8 headings. (1) Generator Speed, (2) Lubricating Oil Pressure, (3) Fresh water 
temperature bank A and B, (4) Fresh Water Pressure (5) Lubricating oil temperature, (6) Exhaust gas temperature bank 
A and B, (7) Generator running hours and (8) Generator Power Output.  Table 1 is a list of diesel generator parameters 
and their limits. In all there are 8 parameters collected for analysis however based on preliminary analysis just about 5 
parameters have shown strong correlation in the data 

Table 2: Sample of component failure rate of the 4 DGs. 

 

DFTA output combined with the ANN diagnosis and prediction formed the inputs of maintenance planning based on 
machinery component failure patterns as well as responsible system based on the machinery log parameters. The DFTA 
tool used for machinery/system reliability and availability analysis used input data generated from the operational 
records of 4 diesel generators for a ship power generation system. Therefore, a DFTA structure representing the 
functional ship power generation system as well as the individual diesel generators was built as shown in Figure 6. 

 

 

 

4.1 Result and Discussion 
 
Dynamic Fault Tree Analysis (DFTA) was conducted on the Power generation system consisting of four 400 Kilo Watt 
(KW) DGs of an OPV. It is imported to note that the OPV is required to be at 80 % operational availability at any point 
in time. Hence the need for an efficient maintenance approach that would ensure equipment operational reliability. 
Therefore, for the vessel to achieve high operational availably withing required limits based on the Nigerian Navy 

Figure 6: DFTA structure consisting of 4 DGs 
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(NN) Ship operational cycle (SMOC) which stipulate for a one-month maintenance period (MP) usually at second 
organisational maintenance level in every 12 months operation period (OP). However, within the 12 months OP the 
ship is expected to have 80 per cent availability, which in most case cannot be achieved due to operational environment, 
logistics and technical skills. The DFTA analysis would provide the reliability analysis of the Power Generation System 
of the OPV as required based on the 80 per cent the expected reliability and highlight areas that require improvements 
as well.  

4.2 DFTA Results 
 
The analysis was conducted on systems, sub-system up to component level of individual engines. In this research, 
efforts have been made to conduct a bottom-up analysis to identify most critical components contributing to sub system 
failure hence unreliability, figure 8a and 8b shows the reliability of the power generation system and that of the 
individual DGs from the selected OPV DFTA analysis. Therefore, going by the operational requirements, the Power 
generation systems reliability (figure 8a) begins a steady decline from the 7th month, similarly figure 8b shows very 
low reliability especially for DG 1. Similarly, the other 3 DGs also show low reliability except for DG 3 that presents 
about 80 % reliability for up to 20 months. Overall, the results indicate a high level of unreliability in all the DGs hence 
the low reliability of the power generation system. 

               

4.2.1 Subsystem Analysis 
 
The analysis conducted on the other subsystems helped to provide further insight on the overall reliability of the DGs 
and most importantly it identified the major failures in all the 4 DGs. The crankcase (Figure 9a) has been identified to 
be the most critical component of the DGs. Though, it has been identified as a component, the main challenge is with 
the roll of the crankcase in any internal combustion engine configuration. Therefore, the high level of unreliability 
displayed by the DGs could be attributed to the crankcase, especially that all other sub-systems on the DG depend on 
the integrity of the crankcase. The reliability of the Moving parts is presented in Figure 9b, which also shows a system 
with relatively low reliability. This situation was mainly due to failures related to the internal components such as the 
piston, piston rings, piston crown and the connect rod. However, further analysis revealed a remote but important factor 
contributing to the failure in the components of the moving parts. 

 

Figure 8b: Reliability of Power Generation System                                                                                    
and the 4 DGs 

Figure 8a: Power Generation System 
Reliability    

 

Figure 9a: Crankcase Reliability Figure 9b: Moving parts Reliability 
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As can be seen in the moving parts reliability curves there is high degree of similarity between reliability curves of the 
crankcase and that of the moving parts. Therefore, this indicates that the level of failure noticed in the crankcase is 
caused by failure in moving parts or vice-versa. Moreover, the failure rates of cylinder bolts and associated gasket kits 
are important indicators that can influence other failures in the rotating parts of the generators. Nonetheless, additional 
problems in particular the sea chest blockage could give rise to the DG operating at relatively elevated temperatures 
even during normal operating loads. This therefore means that at peak periods the DGs are likely to operate at much 
higher temperatures which in some cases may be ignored by the operators either due to workload or assumed new 
normal. Other related factors as would be seen in the criticality bar charts are to do with valves and valve clearance.  
The valve clearance can also be associated with some serious failures due to poor timing, fuel over delivery, starvation 
and poor scavenging. A combination of these factors would likely lead to fuel dilution and excessive crankcase pressure 
build up hence resulting to elevated operating temperatures which in most cases remain latent for extended periods. 

  

 
The inlet and exhaust system reliability has equally revealed an important failure situation which further buttress the 
low reliability of the crankcase in DG3 and relatively good reliability of DG2. A strong reason for these problem in 
the inlet and outlet was to do with the tappet clearance required every 250hrs which at a point the operator decided to 
increase the checks to 500hrs due to non-availability of 2 other DGs. These failures can be attributed to both design 
and maintenance of the DGs. Thus, providing additional sensors with alarm limits to measure and provide alerts on the 
exhaust gas temperatures variations can lead to significant reduction in failures. Overall, the subsystems on all the DGs 
presented a low level of reliability even during the first 5-years warranty period by the Original Equipment 
Manufacturers (OEM). Though, the OEM’s maintenance is mainly to serve as guidance to the operator. Nonetheless, 
the equipment is not expected to deviate much from the manufacturer’s initial maintenance projections especially 
within the first 5 years notwithstanding the warranty agreement. In this regard, the reliability result is indication of 
maintenance challenges or design issues, in which case identifying components with high failure rates as well as the 
failure mechanism can go along to improve the reliability of the DGs.      

 

Figure 9c: Air Distribution System Relaibility Figure 9d: Cooling System Reliability Relaibility 

Figure 9e: Fuel System Relaibility Figure 9f: Inlet/Exhaust System Reliability 
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4.2.2 Reliability Importance Measures 
 
The reliability importance measures (IM) for the DGs are presented in Figure 9, the individual bar charts give the 
overview on most critical components in the various sub-systems including other auxiliary connections, like the sea 
chest. The Bir IM was used to present the most critical components being that it is the most responsive to the DFTA 
structure as well as the number of components to analysed. The IMs here represent components which have at least 
contributed more than 40 per cent of all failures. Interestingly, there are components that tend to appear in all DGs, 
this therefore is an indication of an important area to note by both the operators and the manufactures. For instance, 
the problem with cylinder head bolt getting loose could be attributed to high vibration and can cause significant damage 
to the generator. On the other hand, there are significant failures involving the freshwater cooling system components 
as well as host of other components.  Therefore, novelty in this research is the component criticality approach to the 
reliability of the equipment. This approach is relevant to the realisation of the overall maintenance platform being 
developed which is geared towards a more flexible maintenance approach updated based on actual machinery operating 
condition.    

 

 

Figure 9: Critical components for the 4 DGs. 

 

4.2.3 Cut Sets 
 

Five of the most critical cut sets in all the four generators are presented. The cut set are very significant in maintenance 
management especially with common cause failures. For instance, knowing that scaling of freshwater heat exchange 
occurs very often and can be responsible for some failures especially relating to degradation in cooling. This 
information can then point to effort towards reducing or preventing failures that contribute significantly to reducing 
downtime or unplanned maintenance. Most importantly, the cut set unlike the IM presents faults which if improved 
can significantly improve system reliability.  In Table 3 all the DGs appeared to have significant fault with freshwater 
heat exchanger due to fouling and tappet clearance. These faults seemingly unconnected but a critical look into the 
operating cycle could present some clue. The DGs require to have the tappets set after every 250 hrs which is equivalent 
to 6 months operating hours based on the OEM recommendation. However, due to lack of shore power supply in some 
harbours the generators are ran everyday can achieve those hours in about 6 weeks. Therefore, the tappet setting 
becomes too frequent, hence leading to operator fatigue and induce failures. On other hand, ignoring the tappets could 
lead to incomplete combustion capable of rising the overall operating temperature of the respective DG.  Therefore, 
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this coupled with environmental factors such as air quality within the ship’s vicinity and number of times the DGs are 
run at harbour. These factors in addition to the quality of the sea water and use of additives in the freshwater heat 
exchanger are key to the overall health of the cooling system.  

Table 3: Top 5 cut sets per DG. 

4.2.4 Spare Gates 

Spare gates are used to represent spares or redundancy in systems and are categorised into hot, warm or cold spares 
depending on the event dormancy factor in the fault tree.  The dormancy factor determines how each spare event 
behaves in a fault tree. Therefore a Cold spare do not fail if the dormancy is 0 similarly a Hot spare fails at the same 
rate as active if the dormancy is 1, while a Warm spare will fail in between 0-1 (cold or hot) spare[24]. This feature 
allows spare gates and events to be used for improvement in system configuration or maintenance action that could 
improve reliability Figure 10a shows how spare gate can be used to show improvements in maintenance or operations 
and they can influence overall system reliability while table 3 shows some achievements in reliability due to additional 
measures to improve maintenance or condition health monitoring approaches.  Accordingly, modelling maintenance 
actions, sensor installation or additional provision to improve overall availability or reliability of system can be 
achieved by using a spare event. This is achieved using spare gates and depending on the type i.e., hot, cold or warm 
model can represent the addition of a changes in overall system configuration. Moreover, iterating the dormancy factor 
in warm spares provides additional flexibility in representing the effectiveness of interventions. 

Figure 10a: Use of Spare gates   Table 4: Use of spare gates to improve reliability 
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As can be seen in Figure 10a the blue curve represents original reliability of the crankcase and the red curve represents 
improvements by spare gates. In this case, to model measures that can improve the crankcase reliability a spare gate 
was introduced to the initial gate of the model. However, adding a cold spare improved the reliability while a hot was 
not any different since the failure rates are the same.  In this regard 2 warm spares were used to replace the basic event 
with a cumulative dormancy factor of 1. This is done bearing in mind, possible improvements do not have the same 
impact on the reliability of the DG, for instance adding or replacing engine mounts to reduce vibration will not have 
the same impact as using vibration monitoring even though both can reduce vibration related failures.  

 5.  Conclusion and Future Work 
  

The paper presented a step-by-step data collection and reliability analysis based on DFTA conducted on power 
generation system consisting of 4 DGs onboard an OPV.  The DFTA analysis presented is part of an overall drive to 
develop a maintenance platform based on reliability analysis, diagnosis using ANN and decision support system using 
BBN. Accordingly, reliability analysis was conducted on data collected from the case study OPV. In doing the analysis 
some peculiarities in the vessels operational requirement were taken to consideration in order to provide practical 
outcomes. Therefore, the reliability analysis was done to target a minimum of 80 % reliability during the vessels fleet 
time i.e. operational period.  Failure, maintenance and repair record covering approximately 80 calendar months was 
collected and approximately 12 months of hourly DG logs was equally obtained. Accordingly, failure rate was used 
for the reliability calculation and analysis.  

The DFTA analysis comprises of 3 outputs namely reliability, reliability importance measures and cut set. 
Consequently, outcome of the analysis discovered the reliability of the power generation system began to fall within 
the first 7 months, though all DGs had relatively stable reliability within the first 20 months which began to drop 
rapidly after wards. Some critical components identified based on IM includes Cylinder head bolts, piston and piston 
rings, freshwater heat exchanger and crankcase. The cut set findings were also consistent with the identified 
components in the IM, however tappet clearance and freshwater heat exchanger fouling were among the dominant 
faults. On the other hand, using spare gates has proved very helpful in presenting ways to improve overall reliability 
through additional maintenance action or machinery health monitoring sensors. A significant improvement of about 
30 months was gained in the DG3 lubricating oil system due to added sensor that were not original installed.  

The failures and critical faults identified in the reliability analysis will shape the future work of this research. In this 
regard, developing other aspects of the research is the focus of the future work. Hence sensitivity analysis will be 
carried out on the DFTA results for the reliability analysis, further ANN analysis to be done especially in clustering, 
classification and regression for remaining using life. The main effort will culminate in extracting the DFTA and ANN 
results for the BBN based maintenance decision support system for the overall maintenance platform.  
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