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Abstract 

Although the maritime industry has the potential to lead smart maintenance methodologies, current 

maintenance routines within the sector focus on either reactive or preventive maintenance approaches; 

approaches which are increasingly conservative and often prompted by an increase of large costs or 

unnecessary maintenance actions. Attempts are being made, however, to optimise these costs and 

actions through the application of novel practices, such as the employment of prognostic-based 

maintenance, an approach which aims to minimise risk while maximising the lifespan of a system. In this 

respect, Mar-RUL is introduced to support Operations & Maintenance (O&M) decision making and 

address some of the main challenges that the sector is currently experiencing, including the lack of fault 

data analysis and formalisation of deep learning technologies for the implementation of the Remaining 

Useful Life (RUL) prediction. In response, a degradation data simulation module is developed in tandem 

with an ensemble model comprised of three distinct deep learning architectures: Markov-Convolutional 

Neural Network (CNN), 1D-CNN, and Long Short-Term Memory (LSTM) neural network. To evaluate the 

performance of Mar-RUL, a case study on the turbocharger of a diesel generator of a tanker ship is 

presented. The case study results demonstrated that the application of time series imaging and ensemble 

methods can provide promising outcomes for the enhancement of RUL prediction. 
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1. Introduction 

Maintenance tasks present a direct impact in the reliability and availability levels of the shipping industry 

(Raptodimos and Lazakis, 2018). Erroneous maintenance strategies and practices can negatively impact 

the condition of marine machinery by contributing to deterioration of systems and, consequently, an 

increase in a company’s expenditure in relation to Operation & Maintenance (O&M) activities. It is 

essential, therefore, that robust and flexible maintenance strategies are introduced to facilitate an 

enhancement in the reliability and availability of the systems whilst optimising both downtime and 

operating cost (Ahsan and Alemu Lemma, 2017). However, the current maintenance routines on ships 

follow either a Reactive Maintenance (RM) approach, which might create large costs, or a Preventive 

Maintenance approach (PvM), which often involves unnecessary maintenance (Han et al., 2021) and 

requires both external servicing personnel and spare parts available on-time and on-demand. 

Accordingly, there is a need to explore new concepts of maintenance based on prognostics, which 

eventually will lead to better planning and utilisation of available resources. 

 

Prognostic-based maintenance is a novel approach that aims to minimise risk whilst maximising the 

useful life of a system. This is achieved by predicting likely fault cases through the condition monitoring of 

marine machinery. This approach is usually triggered by the identification of a fault in the diagnostics 

phase, which is commonly constituted by fault detection (to acknowledge either the existence or 

inexistence of a fault in the system), fault isolation (to determine its location), and fault identification (to 

assess the type of fault and its dimensions). Then, fault prognostics is implemented by estimating the 

Remaining Useful Life (RUL) of the asset, and thus predicting the progression of the identified fault. RUL 

can be defined as the length of time that an asset is likely to operate prior to the requirement of either 

repair or replacement (Tang et al., 2020), which is critical for determining the future health of a system. 
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Several challenges within the shipping industry when analysing the health status of marine machinery 

(e.g., lack of fault data, computation and communication complexities, and inaccurate, incomplete, and 

unreliable data) are often presented when implemented data-driven methodologies. For instance,a key 

challenge is the current communication standards on ships. Ships usually experience a significant 

bandwidth limitation problem due to the unclear path between the ship’s antenna and the satellite. 

Furthermore, sudden change in direction and bad weather can cause either vulnerable connection 

orinternet loss, and thus leading to either information loss or delay in the provision of such information. 

Additionally,the process of data gathering usually results in the collection ofincomplete, inaccurate, or 

unreliable data for specific times and locations due to frequent movement of ships (Aslam et al., 2020). 

As an example, datasets collected from marine machinery systems usually contain from 4.4% to 26% 

missing values (Cheliotis et al., 2019; Lazakis et al., 2019). Also, the data entries are usually performed 

manually every 24 hours through the so called “noon reports”. Consequently, human errors may occur, 

and recorded data may be limited and of poor quality. For this reason, Automatic Data Logging Monitoring 

(ADLM) systems are required onboard ships to ensure vast amounts of high-quality data, even though 

ship owners and operators are reluctant to implement them due to the associated costs and the additional 

activities introduced to the crew (Tsitsilonis and Theotokatos, 2018). However, even if ADLM systems are 

accordingly implemented, the access to data for research is usually complex due to data confidentiality 

and the conservative nature of the sector. Thus, such data usually need to be obtained through personal 

contacts. The data collection activity may also fluctuate depending on the vessel operating profile and 

environmental conditions (wave height, wind, currents, and swell speed and direction, among others), or 

variations in its operation status (e.g., adjustments to vessel speed and direction, and fuel oil 

consumption per day and duration of the journey affecting the vessel arrival time at the next port of call 

due to contractual agreements between the charterer and the ship operator). Raw data may also contain 

non-operational states, which may adversely alter the results obtained from data-driven methodologies for 

the diagnosis and prognosis of marine machinery systems. Accordingly, the different operating profiles 

need to be adequately identified to ensure both computational efficiency and model effectiveness 

(Velasco-Gallego and Lazakis, 2022a). Due to the above challenges also including vessel logistics 
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optimisation and maritime regulatory compliance, there is a lack of analysis and formalisation of 

approaches that address the RUL prediction task. 

 

Methods, such as autoregressive models (Djedidi et al., 2021), Long-Short Term Memory (LSTM) neural 

networks (Gribbestad et al., 2021), and Relevance Vector Machine (RVM) (Tang et al., 2020), have been 

analysed when performing RUL prediction. However, to the best of the authors’ knowledge, time series 

imaging has not yet been considered for such a task, despite time series imaging demonstrating 

promising results when applying forecasting (Li et al., 2020). Analogously, results in Makridis et al. (2020) 

demonstrated that ensemble models can be more stable than individual models. To analyse these 

aspects, Mar-RUL is proposed for the sector. Mar-RUL is a remaining useful life prediction approach for 

fault prognostics of marine machinery, which aims to analyse in a novel manner the effectiveness of time 

series imaging and ensemble modelling for the prediction of RUL within the maritime industry while 

addressing the challenge of fault data unavailability. Such an ensemble has been implemented through 

the integration of three distinct types of deep learning models: 1) Markov imaging + Convolutional Neural 

Network (CNN), 2) 1D-CNN, and 3) LSTM. Moreover, due to the lack of run-to-failure data, these are 

simulated by adding a degradation data simulation module in the proposed methodology, which 

comprises both a simulation generation with a first-order Markov Chain model and an exponential model 

with Brownian Motion approach. Special attention is also given to the data preparation step in order to 

address both the singularities and challenges of data collected from marine machinery (Velasco-Gallego 

and Lazakis, 2020; Velasco-Gallego and Lazakis 2021).To validate the performance of Mar-RUL, a case 

study of a diesel generator of a tanker ship is introduced due to its level of criticality, as expressed by 

Tang et al. (2020). 

 

The remaining of the paper is structured as follows: Section 2 presents a literature review. Section 3 

describes the proposed methodology. Section 4 reflects on the results obtained after implementing the 

proposed methodology through a case study while section 5 presents the conclusions and 

recommendations for future research on the studied topic. 
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2. Related work 

2.1. Overview of RUL prediction approaches 

In recent years, RUL approaches have been widely developed and implemented in various sectors. For 

instance, Ahsan and Alemu Lemma (2017) investigated the utilisation of autoregressive (AR) models for 

predicting the RUL of a GT engine. Zhang et al. (2021) proposed a systematic method for degradation 

modelling and remaining useful life prediction based on uncertain process for degradation recovery 

phenomenon. Accordingly, uncertain process was initially adopted for modelling degradation and 

accounting for epistemic uncertainty. Subsequently, a novel similarity based-uncertain weighted least 

squares estimation method was applied to update the model parameters with real-time monitoring data. A 

denoising method was then also utilised to deal with noises caused by recovery phenomenon while RUL 

was calculated by uncertain simulation. A case study on real lithium-ion battery degradation dataset was 

performed. Li et al. (2021) presented a wiener-based RUL prediction method utilising improved Kalman 

filtering and an adaptive modification algorithm. An experimental bearing dataset was introduced to 

validate the methodology. Xiao et al. (2021) proposed a new RUL prediction method where noise was 

intentionally added into a LSTM network. Correlation analysis was also conducted to construct new 

degradation features as the input of the network. The C-MAPSS aero-engine lifetime dataset was utilised 

to validate the effectiveness of the proposed methodology. Ellefsen et al. (2019) investigated the effect of 

unsupervised pre-training in RUL predictions utilising a semi-supervised setup. A Genetic Algorithm (GA) 

approach was presented to tune the number of diverse hyper-parameters in deep architectures.The 

proposed approach was verified in a similar way by using on the C-MAPSS dataset. Berghout et al. 

(2020) presented a new Denoising Online Sequential Extreme Learning Machine (DOS-ELM) with double 

dynamic forgetting factors (DDFF) and Updated Selection Strategy (USS). The proposed methodology 

was also tested on the C-MAPS dataset. Xiang et al. (2020) presented a new type of LSTM with weight 

amplification. Monitoring data of a gear life cycle test was introduced to assess the effectiveness of the 

proposed methodology. All studies highlighted the importance of accurate degradation modelling to 
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identify the underlying component degradation processes, and thus avert any possible failure, as 

components usually presents a degradation pattern before the total failure occurs. 

 

Similarly, the application of deep learning methodologies in this context has also been widely considered 

(Yao et al., 2021). Kang et al. (2021) implemented a multilayer perceptron neural network (MLP). Djedidi 

et al. (2021) utilised auto-regressive neural (NAR) network to model the trend of the drift. Shi et al. (2020) 

presented an estimation method of RUL for drop system based on both the principal component analysis 

and the Bayesian inference methods. Hsu et al. (2020) analysed combine applications of neural networks 

(NN), Deep Neural Networks (DNN), CNN Recurrent Neural Networks (RNN), LSTM, and Gated 

Recurrent Units (GRU). Yao et al. (2021) proposed an improved one-dimensional convolution neural 

network (1D-CNN) and a simple recurrent unit (SRU) network. Zeng et al. (2021) applied a deep attention 

residual neural network (DARNN). Cao et al. (2021) introduced a new deep learning framework, a.k.a. 

temporal convolutional network with residual self-attention mechanism (TCN-RSA). Analogously, Zhou et 

al. (2022) introduced a new dual-thread gated recurrent unit (DTGRU). Xiang et al. (2023) proposed a 

cocktail long short-term memory (C-LSTM). Ramadhan and Hassan (2021) integrated a Laplacian score, 

random search optimisation, and LSTM. Agrawal et al. (2021) implemented LSTM and Gated Recurrent 

Unit (GRU) models and compared the obtained results with a proposed genetically trained neural 

network. Tan and Teo (2021) proposed a Multi-variable Time Series (MTS) focused approach to 

prognostics that implements a lightweight Convolutional Neural Network (CNN) with attention mechanism. 

Couture and Lin (2022) introduced a hybridised machine learning model in the field of battery prognostics 

prediction. Both images of the raw data curves and traditional health indicators were considered to obtain 

the hybridised model. Publicly available neural networks were utilised during the pre-training stage. 

Couture and Lin (2022) highlighted the benefits of image-based inputs for use in regression tasks, as an 

improvement of 6.72% in the RUL prediction accuracy was perceived by simply adding image-based 

inputs. Zhang et al. (2019) presented a model to predict the RUL of traction converter of CRH2 trains. A 

closed-loop Bond Graph (BG) model was firstly introduced to describe the casualty of multi-domain 

physical quantities. Then, the features were extracted and presented as inputs of the BN model. To 
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finalise, Restricted Boltzmann Machines (RBMs) were implemented to further extract the latent features, 

which cannot be directly observed or measured, to improve the accuracy of the BN based RUL prediction. 

Experimental results demonstrated the validity and superiority of the proposed model. 

 

2.2. RUL prediction within the shipping sector 

In the shipping industry, however, the study of such approaches has not been extensively discussed due 

to the challenges the industry needs to address. Despite these challenges, some efforts have been made 

to develop novel approaches for the RUL prediction task. For instance, Han et al. (2021) presented a 

data-driven model for fault prognostics of a marine diesel engine. Accordingly, data augmentation was 

utilised to increase the generalisation of the network. This was defined with two long-short term memory 

(LSTM) layers, two feed-forward neural network (FNN) layers, one dropout layer, and a fully connected 

output layer. The prediction performance was verified by the utilisation of data sampled form a hybrid 

power lab. Run-to-failure data of two independent fault-types were collected from a total of two profiles. 

Experimental results indicated that the proposed methodology presented both accurate RUL predictions 

and high generalisation power for different engine load profiles. However, even though data pre-

processing is performed, there is no indication of applying data imputation or operational states 

identification, which are common challenges when dealing with marine machinery sensor data. 

Furthermore, the case study presented is completely based on simulated data, and thus it does not 

consider some of the challenges critical for the RUL when dealing with real-world data. 

 

Tang et al. (2020) analysed various computational techniques for both the monitoring and estimation of 

RUL of individual energy assets. Relevance Vector Machine (RVM) was implemented for the prediction of 

RUL, while a k-Nearest neighbour (k-NN) was proposed for the prognostics of state of charge of back-up 

lead-acid batteries. RVM demonstrated its capability of predicting the RUL accurately and presents a 

good performance in long-term predictions. However, there is no indication of the data pre-processing 
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challenges that the case study experienced and more feasible considerations for live battery prognosis 

can be addressed. 

 

Gribbestad et al. (2021) predicted the RUL of air compressors by exploring three different Deep Learning 

(DL) techniques (FNN, LSTM, and CNN) for predicting RUL as well as transfer learning. Experimental 

results demonstrated the need ofdata augmentation techniques to deal with the lack of run-to-failure data 

within the sector. Furthermore, transfer learning exposed its capability of enhancing the accuracy of the 

RUL predictions. However, there is no indication of the data pre-processing performed to deal with 

missing values and to identify distinct regimes, for instance. Also, even though three distinct DL 

methodologies were considered, their potential combinations were not analysed. 

 

As introduced in the preceding paragraphs, one of the main challenges within the shipping sector is the 

lack of fault data. Accordingly, distinct data augmentation approaches have been presented within the 

sector in order to increase the generalisation of the model, and enable the study of DL methodologies, as 

such methodologies require of vast amounts of data. For this reason, a degradation simulation module 

comprised of first-order Markov Chain and an exponential model with Brownian motion is introduced in 

this study. The first-order Markov Chain model is introduced, as it has presented promising results when 

generating time series data (Pesch et al., 2015). The exponential model with Brownian motion is 

considered to simulate degradation patterns due to its effective universality in machinery when reflecting 

the characteristics of accelerated fault degradation in engineering (Li et al., 2021). With regards to the 

deep learning methodologies introduced to predict the RUL, a total of three models have been 

considered: 1) LSTM, 2) 1D-CNN, and 3) Time Series Imaging (TSI) + CNN. LSTM and 1D-CNN have 

been selected, as they have been determined as one of the best options when performing fault prognosis, 

and thus predicting the RUL of an asset (Gribbestad et al., 2021). TSI + CNN are also analysed in this 

study due to the promising results that TSI have demonstrated in analogous tasks, such as fault 

classification (Fahim et al., 2021; Velasco-Gallego and Lazakis, 2022b; Velasco-Gallego and Lazakis, 

2022c), and forecasting (Li et al., 2020). Furthermore, Couture and Lin (2022) demonstrated the benefits 
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of image-based inputs for use in regression tasks, and, specifically, when predicting the RUL. For this 

reason, a TSI method is analysed in this study in order to examine their potential in this type of regression 

task. As a total of three methods are being considered in this study, ensemble modelling is also 

introduced, as ensemble models have demonstrated to be more stable than individual models (Makridis 

et al., 2020). As part of the ensemble modelling, the Non-dominated Sorting Genetic Algorithm (NSGA-II) 

algorithm is introduced for multi-objective optimisation (MOO), as this algorithm has become one of the 

most widely and frequently utilised methods for MOO in engineering (Rahimbakhsh et al., 2022). Lastly, 

special attention is also given to the data pre-processing step due to the current changes that the 

shipping sector is experiencing with regards to missing values and operational states identification. 

 

Accordingly, to collaborate towards the analysis and formalisation of RUL prediction approaches within 

the maritime industry, Mar-RUL is employed. Mar-RUL is principally constituted by a degradation 

simulation module, the aim of which is to deal with the lack of available fault data within the sector, and a 

RUL prediction ensemble model. The main contributions of this study can be summarised as follows: 

 The consideration of novel data imputation and identification of operational states methodologies 

to address the challenges of incomplete and multiple nature data in the maritime domain. 

 The addition of a degradation simulation module prior to the RUL prediction approach to perform 

data augmentation, and thus deal with the lack of fault data of marine machinery systems. This 

comprises a simulation module with both first-order Markov Chain model and an exponential 

model with Brownian motion approach. 

 The application of an ensemble method as a RUL prediction approach. For this inquiry, a total of 

three distinct DL architectures are considered: Markov-CNN, 1D-CNN, and LSTM. The NSGA-II 

is implemented to perform multi-objective optimisation. 

 The analysis of time series imaging for the prediction of RUL. A novel method is considered to 

transform the analysed time series into an image by the implementation of the first-order Markov 

chain. Once all the sequences of the time series have been transformed into images by the 

application of such a method, a CNN is introduced to perform the RUL prediction task. 
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3. Methodology 

Having explored all the contributions of this inquiry, a graphical representation of the proposed 

methodology is presented in Fig 1. The first step refers to data pre-processing, in which challenges such 

as data imputation and steady states’ identification are addressed. Subsequently, due to the lack of 

degradation data, the degradation data simulation module is implemented. This module is comprised of a 

total of two phases. The first phase aims to generate synthetic operational data from the observed time 

series. Thus, the number of sequences to be used for the training of the different DL models is increased. 

The second step aims to transform the simulated operational data into degradation sequences through 

the implementation of an exponential model with Brownian motion.The third step consists of estimating 

the condition indicator of each of the simulated sequences by the implementation of the piecewise linear 

algorithm. Step four applies time series imaging prior to the training of Markov-CNN to ensure that input 

data is presented in form of images. Step five performs the training of the three proposed models: 

Markov-CNN, 1D-CNN, and LSTM. As each of the models will provide different predictions, these need to 

be integrated somehow. Accordingly, the sixth and final step is implemented, which considers the 

ensemble approach to obtain the final RUL prediction. The above steps will be described in more detail in 

the following paragraphs. 
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Fig 1. Graphical representation of the proposed methodology. 
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3.1. Data preparation 

The data preparation refers to the data imputation, steady states and outliers’ identification as already 

discussed in previous studies on marine machinery systems performed by the authors of this paper. The 

readers are referred to Velasco-Gallego and Lazakis (2021, 2020) for more details. 

 

In such studies a comparative methodology is performed to evaluate widely used univariate and 

multivariate imputation techniques. With regards to the identification of the steady states, a novel 

approach comprised of the first-order Markov chain and connected component analysis is implemented. 

In relation to the identification of outliers, the sequences considered by this study have been analysed 

heuristically to avert their occurrence. Therefore, it is assumed that none of the sequences analysed in 

this study presents abnormal instances. In addition, data normalisation is also performed, and the sliding 

window algorithm is applied for the generation of sequences. 

 

3.2. Degradation data simulation 

One of the current challenges that needs to be addressed in relation to the development of data-driven 

models within the maritime industry is the lack of fault data from marine machinery. Therefore, a 

methodology for simulating degradation patterns is presented in this inquiry. This is comprised mainly of 

two parts. The first part aims to generate synthetic time series by considering sensor data collected from 

marine machinery. The model implemented in this inquiry is the first-order Markov chain, as it has 

presented promising results in imputing missing values in analogous scenarios (Velasco-Gallego and 

Lazakis, 2021). Moreover, such an approach has been widely applied to generate synthetic data (Sahin 

and Sen, 2001; Shamshad et al., 2005; Ching et al., 2006; Lawler, 2006; Privault 2013; Pesch et al., 

2015). This first section of the degradation data simulation module also aims to address the unavailability 

of operational data due to the sensitivity and confidentiality present within the maritime industry. The 

second approach refers to the simulation of the degradation patterns. Accordingly, an exponential model 
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with Brownian motion is considered due to their effective universality in machinery to reflect the 

characteristics of accelerated fault degradation in engineering (Li et al., 2021). 

 

3.2.1. Synthetic data simulation through the implementation of the first-order Markov chain model 

A collection of occurrences, 𝑥௧, indexed by time are considered, determining that the occurrence at time t 

hinges only on the preceding value, and thus omitting any other preceding value at times before t. This 

concept is considered as a discrete time stochastic process. More precisely, a Markov process. The time 

series, therefore, needs to be clustered in a finite number of states in order to estimate the first-order 

Markov chain matrix. The states that define such a matrix are estimated by considering Eq. 1. 

 

𝑆் =  𝑋ത  ± 𝑘𝑠, (1) 

 

where 𝑆் is the state determined, 𝑋ത is the mean, and 𝑘𝑠 is 𝑘 standard deviations, 𝑠, which is added or 

subtracted until the maximum and the minimum values of the current state are achieved. 

 

As stated previously, a discrete time stochastic process, (𝑋௡)௡∈ℕ, which takes values in a finite set 𝑆, is 

considered to have the Markov property if the probability distribution of 𝑋௡ାଵ at time 𝑛 + 1 only hinges on 

the previous state 𝑋௡ at time 𝑛, and not on all the past values of 𝑋௞ for 𝑘 ≤ 𝑛 − 1. Thus, 

 

ℙ(𝑋௡ାଵ = 𝑗|𝑋௡ = 𝑖௡, 𝑋௡ିଵ = 𝑖௡ିଵ, … , 𝑍଴ = 𝑖଴)

=  ℙ(𝑍௡ାଵ = 𝑗|𝑍௡ = 𝑖௡) = 𝑝(𝑖, 𝑗) 

(2) 
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where 𝑖଴, 𝑖ଵ, … , 𝑖௡ , 𝑗 ∈ 𝑆. The probability 𝑝(𝑖, 𝑗) indicates the probability that the previous state 𝑖 is followed 

by the current state 𝑗. All the possible transition probabilities of a process can be collected in a 𝑟𝑥𝑟 matrix, 

where each (𝑖, 𝑗) entry 𝑃௜௝  is 𝑝(𝑖, 𝑗), 

 

𝑷 =  ൫𝑃௜௝൯
ଵஸ௜,௝ஸ௥

=  ൮

𝑝ଵ,ଵ 𝑝ଵ,ଶ
⋯ 𝑝ଵ,௥

𝑝ଶ,ଵ 𝑝ଶ,ଶ
⋯ 𝑝ଶ,௥

⋮
𝑝௥,ଵ

⋮
𝑝௥,ଶ

⋱
⋯

⋮
𝑝௥,௥

൲ 

(3) 

 

and that satisfies 

0 ≤  𝑃௜௝  ≤ 1,         1 ≤ 𝑖, 𝑗 ≤ 𝑟, (4) 

෍ 𝑃௜௝ = 1

௥

௝ୀଵ

,       1 ≤ 𝑖 ≤ 𝑟. 
(5) 

 

Once the transition matrix has been estimated, the cumulative probability transition matrix can also be 

encountered by applying Eq. 6. 

 

𝑃௜௥ =  ෍ 𝑃௜௝

௥

௝ୀଵ

 
(6) 

 

By completing the estimation of the cumulative probability transition matrix, the following procedure is 

implemented to generate synthetic time series data. 

1. The initial state is selected at random. 

2. A random value, 𝜉, which lies between 0 and 1, is determined by applying a uniform random 

number generator. 
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3. Such a number is compared with the elements of the current state row of the cumulative 

probability transition matrix. Thus, if 𝜉 is higher than the cumulative probability of the previous 

state but lesser than or equal to the cumulative probability of the successive state the new state is 

adopted. 

4. To finalise, a synthetic value is generated by using Eq. 7. 

𝑉 =  𝑉௠௜௡ +  𝜉(𝑉௠௔௫ −  𝑉௠௜௡) (7) 

  

This procedure is repeated until the selected length of the time series is achieved. 

 

3.2.2. Application of an exponential model with Brownian motion for degradation simulation 

To simulate distinct degradation patterns of marine machinery, it is considered that the degradation 

process of an item of such a machinery can be described as a stochastic process 𝑋(𝑡), 𝑡 ≥ 0,𝑋(𝑡) being a 

condition indicator of the item being analysed at time t. A representation of 𝑋(𝑡), if an exponential model 

is considered, is described hereunder. 

 

𝑋(𝑡) =  𝜃ᇱ exp ൭ቆ𝛽ᇱ  −
𝜎ଶ

2
ቇ 𝑡 +  𝜎𝐵(𝑡)൱, 

(8) 

 

where 𝜃ᇱ and 𝛽ᇱ are random parameters representing the individual differences of components, 𝜎 is a 

deterministic parameter representing the increasing random error, and 𝐵(𝑡) is a standard Brownian 

Motion, which represents the stochastic dynamics in the degradation process. 

 

3.3. Condition indicator estimation through the implementation of the piecewise linear algorithm 

The piecewise linear labelling approach is implemented to obtain the condition indicator based on the 

simulated degradation pattern, as this approach has been accepted as the most effective method for such 
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a task (Gribbestad et al. (2021)). The turning point of the piecewise linear label is obtained through the 

utilisation of the global optimisation function that identifies the instance where the sum of squares error is 

minimised. Therefore, the condition indicator is initially constant, as no symptoms of degradation are 

experienced until either a certain level is achieved or a fault has arisen. On that occasion, the condition 

indicator decreases until the machinery is no longer operating due to afailure occurrence, thus achieving 

the minimum value possible of such an indicator, which is 0. For this inquiry the condition indicator is a 

simplification of the RUL, the condition indicator being the normalisation of the RUL. Therefore, the values 

of the condition indicator lie between 0 and 1. 

 

3.4. Time series imaging through the implementation of the first-order Markov chain model 

Comparable to the synthetic time series generation step, this phase applies the first-order Markov chain 

model. However, to perform time series imaging, only the transition matrix needs to be estimated, and 

thus the remaining subsequent steps of the process can be omitted in this context. Therefore, the image 

is defined by determining the transition matrix, whereby each pixel of the image defines all possible 

probabilities between states. Furthermore, unlike the states’ estimation phase in the synthetic time series 

generation step, the number of states that define the transition matrix, and, intrinsically, the resolution of 

the image, are selected heuristically. 

 

3.5. Remaining Useful Life (RUL) prediction 

The first model considered for the RUL prediction task is the Markov-CNN. CNN is a type of feedforward 

artificial Neural Networks (NNs) that is constituted by a feature extraction step and either a classification 

or a regression task. As the main objective of this study is to develop an approach for RUL prediction, 

only the regression task is considered in this context. 
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The first stage, feature extraction, is comprised of both convolutional layers and pooling layers. The 

second stage refers to the regression task, implemented by the utilisation of fully connected layers. Such 

layers apply high-level logical operations by considering features from preceding layers. The output of the 

final layer refers to the RUL predicted value. As images are usually considered when implementing these 

types of models, time series imaging is assessed in this inquiry. Accordingly, the time series is 

transformed into an image by estimating the Markov transition matrix, as indicated in the preceding 

section. To adequately identify this approach throughout the inquiry, the model has been described as 

Markov-CNN. 

 

Analogous to the preceding architecture, a 1D-CNN model is considered. However, unlike Markov-CNN, 

the input of this model is a sequence of the original time series of sequence length n (n x 1 (a 1D 

architecture is considered for this context) x 1 (a univariate approach is considered for this inquiry). 

 

Finally, the LSTM is also introduced for the application of the RUL prediction task. LSTM has provided 

promising results for predicting RUL of marine machinery, as stated by Han et al. (2021). Therefore, a 

continuous analysis of such a deep learning model is worth considering. LSTM is a type of Recurrent 

Neural Network (RNN) introduced by Hochreiter and Schmidhuber (1997) that learns long-term 

dependencies. The memory cell is its core component, which consists of a cell state vector and gating 

units, the latter regulating the information flow into and out of the memory so that its state can be 

maintained over time. 

 

3.6. Ensemble modelling 

To integrate the resulting predictions obtained through the implementation of each model established in 

this inquiry,the NSGA-II algorithm is implemented. NSGA-II was proposed by Srinivas and Deb (2002), 

and it is a fast non-dominated sorting algorithm. In this study, NSGA-II is implemented to select the 

optimal set of weights through the consideration of a multi-objective optimization problem based on the 
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bias-variance definition. Accordingly, the optimal set of weights that present the best bias-variance trade-

off are identified. The algorithm of this ensemble modelling is presented in the Appendix section of this 

paper. 

 

The models considered in this framework have been implemented by the utilisation of the Python libraries 

Tensorflow, Pymoo, and Mlxtend. 

 

4.Results 

To assess the performance of the Mar-RUL, a Diesel GenSet(D/G) of a tanker ship used for auxiliary 

needs is considered as a case study. The D/G is one out of three generators used onboard to provide the 

electrical and other auxiliary power needs of the tanker ship. In this respect, the D/G turbocharger is a 

critical component of the D/G system. As such several D/G parameters including exhaust gas inlet and 

outlet temperatures, cooling water inlet and outlet temperatures, and turbocharger lube oil pressure and 

temperature have been continuously monitored in different operating states according to the ship 

operating profile and sailing conditions. 

 

In this paper, the exhaust gas outlet temperature parameter of the turbocharger is analysed as the 

primary feature. The exhaust gas outlet temperature of various components is usually considered due to 

its critical importance in adequately monitoring the diesel generator while ensuring availability and 

averting any operational issues. Moreover, such a feature has been widely analysed for validating novel 

fault detection approaches implemented within the maritime industry (Cheliotis et al., 2020; Lazakis et al., 

2019). 
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More than 66,000 instancesare analysed for such a parameter, in total. These instances have been 

collected in a 1-minute frequency. A graphical representation of these can be perceived in Fig. 2. 

Moreover, the descriptive statistics are also presented in Table 1. 

 

 

Fig. 2. Time series plot of the turbocharger exhaust gas outlet temperature monitored parameter. 

 

 

Table 1. Descriptive statistics of the monitored parameter. 

 
Mean Std. Min. 25% 50% 75% Max. 

TC EXH GAS OUT TEMP (ºC) 263.94 190.23 31.6 49.4 384.7 444.2 510.1 

 

As it can be perceived in Fig. 2., raw data collected from marine machinery usually contain non-

operational states, which can adversely alter the results when predicting the RUL. Moreover, while this 

machinery usually runs under steady-state conditions, fluctuations may occur due to either variations in 

the operating conditions or environmental circumstances. Therefore, the steady states’ identification 

phase needs to be adequately implemented within the data preparation step. In total, 81 operational 

sequences are determined. Each of these sequences are further analysed to establish their respective 

quality, and thus either accept or reject them for the training, validation, and test stages. Furthermore, as 
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part of the preparation step, data normalisation is applied so that each sequence lies between 0 and 1 

values. The sliding window algorithm is subsequently applied to successively section each of the 

identified operational sequences into subsequences. Various configurations have been performed to 

determine the most appropriate parameters of such an algorithm. Specifically, a total of 4 window sizes 

are analysed (5, 15, 30, and 60). After heuristically evaluating each of them, it is determined that the 

mostoptimal value for the window size parameter is 60 for thisstudy. 

 

Once the data preparation step is finalised, the degradation data simulation step is applied, and thus 

synthetic data is simulated first by the implementation of the first-order Markov chain model. An original 

subsequence in tandem with synthetic data generated from this subsequence can be perceived in Figs. 3 

and 4. Moreover, the descriptive statistics of the original subsequence and some other simulated 

subsequences are presented in Table 2. As perceived in both the visualised subsequences and the 

descriptive statistics of other simulated subsequences, the simulated data present analogous 

characteristics to the observed one, as in all cases the mean lies between 430.33 and 433.43 ºC and the 

standard deviation between 2.40 and 3.24. Analogously, this aspect can be observed in Figs. 3 and 4, in 

which the simulated sequences present similar characteristics to the observed one (e.g., the values of all 

sequences lie between 426 and 441). This approach, therefore, can be successfully implemented to 

simulate similar operational scenarios to the observed ones. Although the considered case study 

presents a large amount of data, this is not always the same. Thus, the application of the synthetic data 

generation module may or may not be considered based on the available data presented for a certain 

case study. 

 

Mar-RUL: a remaining useful life prediction approach for fault prognostics of marine machinery



22 

 

Fig. 3. Example of an original subsequence plot. 

 

  

  

  

Fig. 4. Examples of synthetic sequence plot. 
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Table 2. Descriptive statistics of an observed subsequence and its respective simulated subsequences. 

 
Count Mean Std. Min. 0.25 0.5 0.75 Max. 

Observed 851 433.43 2.76 425.90 431.40 433.40 435.20 441.00 

Simulation 1 554 430.66 2.62 425.90 428.61 430.17 432.45 438.86 

Simulation 2 709 430.59 2.59 425.94 428.79 430.06 432.24 438.83 

Simulation 3 366 430.99 3.24 425.90 428.49 430.47 433.42 438.91 

Simulation 4 321 430.33 2.40 425.93 428.56 430.05 431.99 438.90 

Simulation 5 607 431.10 2.60 425.92 428.96 430.87 433.00 438.84 

 

Correspondingly, the implementation of the phase that considers exponential model with Brownian motion 

for degradation simulation may need to be considered when there is a lack of run-to-failure data, as in this 

case study. Therefore, as there is no run-to-failure data in the case study presented in this inquiry, this 

step needs to be implemented as a data augmentation stage. In total, 90 synthetic data have been 

generated based on the observed operational sequences. For each synthetic time series, a total of 90 

degradations have been performed. Examples of such a simulation are described in Figs. 5 and 6. As 

perceived, the simulated sequence Fig. 5 prior to the degradation process presents a steady trend. 

However, after applying the degradation process an exponential increase in the temperature of the 

turbocharger exhaust gas outlet temperature can be observed at the end of each sequence (Fig. 6). 

Together with the preceding steps, both the condition indicator and the time series images are estimated 

accordingly. 
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Fig. 5. Example of a synthetic sequence utilised for degradation pattern generation. 

 

  

  

  

Fig. 6. Examples of synthetic sequence plot. 

 

With regards to the number of states that constitute the time series image, its selection is performed 

heuristically. After several trials, it is determined that 10 is the appropriate number to determine the 

number of states of the transition image, and, intrinsically, the resolution (10x10) of the resulting image. 
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The selection of the hyperparameters of both Markov-CNN and 1D-CNN architectures has been 

performed by both heuristic evaluation and considering preceding studies(Alumtairi et al., 2021; Yao et 

al., 2021). Accordingly, the Markov-CNN architecture is comprised of two convolutional layers, in which a 

total of 192 of size 3x3 has been considered. A max pooling layer has been introduced after the 

implementation of each convolutional layer. The pooling operation considered in this inquiry presents a 

2x2 dimension. In relation to the regression stage, a total of three fully connected layers with 64, 128, 192 

hidden units has been examined. The architecture of the implemented 1D-CNN model is practically equal 

to the one considered in the Markov-CNN approach, although the size of the filters in both convolutional 

and pooling layers only presents one dimension (3, and 2, respectively). 

 

A similar approach is considered for the selection of the hyperparameters of the developed LSTM. 

However, in this case, an analogous architecture to the one presented in Han et al. (2021) has been 

considered instead. The LSTM presents a total of 3 layers (64, 128, 192) and tanh activation function. In 

all three cases, the ratio of the validation set has been set to 0.20 and Adam optimiser has been applied 

to compile such models. For the training process, a total of 100 epochs and a batch size of 5 is 

considered. Tables 3, 4, and 5 summarises the main parameters of the defined neural networks and their 

respective training process. 

 

Table 3. Hyperparameters of the CNN. 

Number of convolutional layers: 2 
Number and size of kernels: 192 of size 3x3 
Type of pooling layer and dimensions: Max. pooling layer; 2x2 dimensions 
Number of fully connected layers: 3 
Hidden units in each fully connected layer: [64, 128, 192] 
 

Table 4. Hyperparameters of the LSTM. 

Number of layers: 3 
Units per layer: [64, 128, 192] 
Activation function: tanh 
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Table 5. Parameters of the compilation and training processes. 

Validation set ratio: 0.2 
Optimiser: Adam optimiser 
Epochs: 100 
Batch size: 5 
 

Once all the models are trained, the weights selection for the integration of the distinct models’ 

predictions is applied. To that end, the ensemble modelling stage is implemented, in which a multi-

objective optimisation algorithm is considered to obtain the Pareto optimal solutions. Specifically, the 

algorithm NSGA-II is analysed. The number of variables considered in this study is 3 (Markov-CNN, 1D-

CNN, and LSTM), and the number of objectives two (bias and variance). The lower and upper boundaries 

are 0 and 1, respectively, as these are the minimum and maximum values that a variable can achieve in 

this context. After heuristically evaluation, the population size has been set to 10 and stopping criteria to 

when the maximum number of generations is 100. After obtaining the optimal set of weights, the most 

optimal weights are selected in a case-by-case basis through the consideration of the closest combination 

between the optimal set of weights and the current analysed input. An instance of a resulting ensemble 

can be observed in Fig. 7, where a RUL prediction example is provided. As observed, the RUL prediction 

is accurate, except for when the transition between the normal and degradation stages occurs. It can be 

observed there that the predicted transition experiences a significant delay, which may alter negatively 

when planning the required maintenance and inspection actions. However, it is perceived that the model 

can recover such a delay rapidly and predict the remaining degradation phase accurately. 
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Fig. 7. RUL prediction for the turbocharger exhaust gas outlet temperature through the implementation of the 

proposed methodology. 

 

To compare the proposed ensemble with other RUL prediction models, a comparative study is also 

performed. The first models considered are the ones introduced in the ensemble model, which are 

Markov-CNN, 1D-CNN, and LSTM. Also, the Stacked-DCNN RUL model proposed by Solís-Martín et al. 

(2021) and the TaFCN model proposed by Fan et al. (2022) are also considered. These models are 

selected for this comparative study, as they are related to the RUL prediction task. However, it is worth 

highlighting that the models utilised in this case study are not exactly the same, as several modifications 

need to be addressed in the convolutional layers in order to be able to utilise them in this case study. 

Specifically, because the current study considers one spatial dimension only, the layers of the models 

have been altered to consider 1D instead of 2D. An instance of a resulting RUL prediction of each of 

these models is introduced in Fig. 8. This instance is the same one as introduced graphically in Fig. 7. 

Fig. 8(a) refers to the output of the model Markov-CNN. As observed, this model is able capture 
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accurately the normal operational stage, and relatively well the transition between the normal operational 

and degradation stages. However, this model is unable to predict the degradation stage. Fig. 8(b) and 

Fig. 8(c) refer to the outputs of 1D-CNN and LSTM, respectively. It can be perceived that these models 

are able to predict accurately the RUL, although there is a significant delay in the transition between the 

normal operational and degradation stages. Also, it can be perceived that the prediction of the LSTM 

presents less variability than the 1D-CNN model. Moreover, the LSTM output is smoother than the one 

provided by 1D-CNN. However, these are the most similar prediction with regards to the ensemble 

method proposed by the authors. However, it can be observed that the ensemble method presents less 

variability and is smoother than the result provided by the LSTM. Fig. 8(d) and Fig. 8(e) refer to the results 

of the variation of the stacked-DCNN model. The first model refers to the stacked-DCNN with 2D layers, 

in which the images estimated through the implementation of the first-order Markov chain are considered. 

The second model refers to the stacked-DCNN with 1D layers. It can be observed that, with regards to 

the stacked-DCNN with 2D and Time Series Imaging (TSI), the results are similar to the ones perceived 

when the Markov-CNN was implemented, as the model is unable to predict accurately degradation stage. 

Thus, this fact may indicate that the implementation of TSI with the first-order Markov chain may not be 

appropriate for predicting the degradation stage of the RUL. However, the analysis of this model when 

predicting normal operation conditions and the transition between normal operational and degradation 

stages should be further exploited. When the variation stacked-DCNN with 1D is considered it can be 

identified that the RUL prediction is more accurate than when considering the variation stacked-DCNN 

with 2D and TSI. However, the results present higher variability and are less precise that the ensemble 

model, and both 1D-CNN and LSTM models. Finally, Fig. 8(f) presents the results after the 

implementation of the TaFCN. All indicates that the model is able to capture the final stage of the 

degradation section better than the ensemble model, although fails to predict in a precise manner the 

initial degradation phase. However, from these results, the potential of stacked-DCNN and TaFCN can be 

identified, and thus their further analysis should be exploited in order to add them in future versions of the 

ensemble model proposed by the authors. 
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Markov-CNN 1D-CNN 

  

LSTM Stacked-DCNN with TSI 

  

Stacked-DCNN TaFCN 
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Fig. 8. RUL prediction for the turbocharger exhaust gas outlet temperature through the implementation of a) Markov-

CNN, b) 1D-CNN, c) LSTM, d) Stacked-DCNN with TSI, e) Stacked-DCNN, and f) TaFCN. 

 

To finalise the discussion of the results, the main RMSE and maintenance score results for the different 

analysed models are also presented in Table 6. For this study, both RMSE and maintenance score have 

been estimated as these are usually considered the most significant metrics when performing the RUL 

prediction task. Table 6 reflects the results discussed with regards to Figs. 7 and 8. The ensemble 

modelling is the model that presents the most accurate RUL predictions, and thus outperforming the 

remaining analysed models. LSTM and 1D-CNN are the subsequent models that present the most 

promising results. By contrast, the models that consider TSI are the ones that the present the less 

accurate predictions. However, it is considered that these models need to be further exploited, as they 

have demonstrated to be more effective when predicting certain stages that the remaining models are 

unable to capture in an accurate manner. Both the variation of stacked-DCNN and the variation of TaFCN 

have demonstrated promising results, even though they did not achieve the accuracy presented by the 

ensemble model. However, they have outperformed the proposed model in certain contexts (at the end of 
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the degradation phase, for instance), and thus the addition of such models in the ensemble model after 

further analysis should be considered. 

 

Table 6. Main RMSE and Maintenance Score results for the different analysed models  

  RMSE (minutes) Maintenance Score 
Markov-CNN 25.15 ± 1.43 2.13E+26 ± 2.43E+26 
1D-CNN 4.29 ± 0.54 8.02E+11 ± 1.18E+12 
LSTM 2.51 ± 0.2 7.33E+03 ± 5.73E+03 
Stacked-DCNN with TSI 112.69 ± 20.03 1.06E+29 ± 1.95E+29 
Stacked-DCNN with 1D 42.64 ± 7.61 3.91E+13 ± 6.14E+13 
TaFCN 15.78 ± 20.03 2.14E+07 ± 1.95E+29 
Ensemble 2.45 ± 0.2 7.33E+03 ± 5.73E+03 
 

Furthermore, to enhance the results obtained from this study, the following suggestions are considered 

for further research: 

 The exploration andimplementation of other time series imaging methods, such as recurrence 

plots or Gramian Angular Fields (GAFs). 

 The study of other ways for performing ensemble modelling. Even though the ensemble model 

seems to have slightly better results than LSTM, its analysis is of preeminent importance for 

obtaining more robust models. 

 The analysis of optimisation techniques to adequately select the hyperparameters of the deep 

neural networks. 

 The application of other sophisticated optimisation techniques for ensemble modelling and 

hyperparameter tuning, such as Particle Swarm Optimisation (PSO) and whale optimisation 

algorithms. 

 The validation of the proposed methodology by considering a multivariate approach, as, due to 

the lack of fault data, only a univariate approach has been considered instead. 

 The consideration of other forms of simulating both time series and degradation data. In this 

approach, an exponential model with Brownian motion to simulate degradation data has been 

considered. However, the degradation of the machinery may not follow this pattern in some 
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cases. Moreover, by implementing the first-order Markov chain, it is assumed that the analysed 

data follows the Markov property. 

 The validation of Mar-RUL by considering real-world data. More efforts need to be performed by 

both academia and industry to collaborate in sharing data for research purposes. By 

understanding data confidentiality and the sensitive information that can be extracted from them, 

it is essential to provide a secure research environment to ensure that the proposed 

methodologies currently being tested with simulated data can be accurate and feasible for the 

industry and the real-world challenges that need to be addressed.  

 

5. Conclusions 

The exploration, analysis and formalisation of novel maintenance strategies is essential to guarantee the 

robustness and flexibility of O&M activities whilst facilitating both reliability and availability of marine 

systems, thus reducing downtime and operational cost and enhancing ship/company profitability. An 

example of such a novel maintenance strategy is the prognostic-based maintenance, which aims to 

minimise the operational risk while maximising the useful life of the system. To that end, the condition 

monitoring of marine machinery is considered to predict fault cases. 

 

Accordingly, Mar-RUL is proposed, an approach that aims to address some of the most demanding 

challenges within this industrial sector, namely the lack of fault data and the lack of analysis of data-

driven models for the performance of the RUL prediction task. To that end, a degradation data simulation 

module is implemented concurrently with an ensemble method that integrates a total of three distinct 

deep learning architectures: 1) Markov-CNN, 2) 1D-CNN, and 3) LSTM. Moreover, to evaluate the 

possible potential of time series imaging, and thus consider its implementation in the development of a 

smart maintenance tool, the analysed time series have been transformed into images by estimating the 

Markov transition matrix. The resulting images have been considered as an input of a conventional CNN, 

thus originating the framework (Markov-CNN). To highlight and validate the performance of such a 
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framework, the turbocharger of a diesel generator of a tanker ship has been analysed. Results 

demonstrated the potential of time series imaging to enhance the RUL prediction task. However, the 

current version of the framework is in its infancy, and so, enhancements need to be performed. 

Accordingly, future research in relation to the analysis of time series imaging methods and the 

consideration of a multivariate approach are within the research agenda of the authors. Moreover, it has 

also been identified that the ensemble model is, indeed, more robust and presents more accurate 

predictions than each regression model considered independently. Thus, this enables another area of 

research for the enhancement of this complex task, the RUL prediction task. 
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Appendix 

Algorithm 1: Ensemble modelling for RUL prediction 

Input: Training set X with output variable Y  
Validation set x_val with output variable y_val  
Test set x 

Output: Output variable, RUL_pred, of test set x,  

1. Define architectures of weak learners 

2. Compile weak learners with Adam optimiser and MSE loss 

3. Initialise num_rounds to N 

4. For each weak model ido 

5.         Create a new matrix all_pred_weaklearner_i of shape (N, len(y_val)) 

6. Forn = 1, num_roundsdo 

7.                 Obtain bootstrap sample X_boot, Y_boot from X, Y 

8.                 Initialise current weak learner 

9.                 Train current weak learner with X_boot, Y_boot 

10.                 Utilise the current weak learner to predict the output variable, y_pred_val, of x_val 

11.                 Save current predictions into all_pred_weaklearner_i 

12. Create a set of weight combinations. The number of weights in a combination is defined by the number of 
weak learners to be considered in the ensemble. The sum of weights for each combination must be equal 
to 1 

13. Create an empty array called bias 

14. Create an empty array called variance 

15. For each weight combination do 

16.         Estimate the ensemble prediction (y_pred_ensemble = w1y_all_pred_weaklearner_1 + 
w2y_all_pred_weaklearner_2 + ... + wiy_all_pred_weaklearner_i) 

17.         Estimate bias and append it into the bias array 

18.         Estimate variance and append it into the variance array 

19. Define the MOO problem, p. The number of variables is set to the number of weak learners considered in 
the ensemble model. The number of objectives is set to 2 (bias, variance). The lower and upper boundaries 
are set to 0 and 1, respectively, as these are the minimum and maximum values that a weight can have. 
The evaluate function is set to get the index of the closest instance available in the (bias, variance) 
combination 

20. Define the algorithm of MOO, a, as NSGA-II 

21. Set the stopping criteria, s, to the maximum number of generations, G. 

22. Obtain the Pareto optimal solutions based on the results achieved from the application of the algorithm a 
with stopping criteria s for the problem p 

23. Predict the output of each weak learner for the test set x 

24. Combine resulting predictions in 23 based on the Pareto optimal solutions and similarity among inputs to 
obtain the ensemble prediction, RUL_pred. 
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