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Abstract

Although the advancements in marine engines diagnosis technologies and systems, es-
timating faults combinations at the entire operating envelope is challenging. This study
aims at first investigating the path logarithmic signatures (logS) method for information
extraction and dimensions reduction from the in-cylinder pressure signals, and secondly,
proposing the most effective data-driven hybrid approach employing logS as input to arti-
ficial neural networks (ANN) regression to estimate the severity of critical faults in marine
engines. A large four-stroke marine diesel engine is considered and in-cylinder pressures
are generated using a validated physics-based digital twin by simulating scenarios with
four faults combinations of varying severity in the entire operating envelope. A parametric
study is performed to quantify the logS number impact on the ANN regression models ac-
curacy and training time. Four data pre-processing approaches, which consider elementary
or high variance logS, without or with the use of Principal Components Analysis (PCA),
are also comparatively assessed. The results demonstrate that the approach involving the
use of eight elementary logS, Principal Components Analysis (PCA), standardisation and

an ANN regression model comprising two hidden layers with ten neurons each is the most



effective, as it exhibits the lowest values on both the root mean square and the standard
error 95% confidence interval. This is the first study on logS application for marine engines
faults severity estimation, and as such it impacts the development of future data-driven

diagnostics methods.

1 Introduction

1.1 Background

Maritime industry is impacted by the industry 4.0 concepts and tools. Emerging technologies,
such as smart and autonomous systems, advanced materials, big data analysis, robotics, sensors,
and communications, as well as artificial intelligence (Al) are significant drivers for the future
development of the shipping industry [1]. The development of advanced fault diagnosis systems
for marine engines has shifted from traditional methods with the use of experiential knowledge to
the use of technologies such as acoustic emission testing, thermographic inspection, and machine

learning (ML) algorithms for the acquired data analysis.

1.2 Literature review

Lv et al. [2] conducted an extensive review on fault diagnosis studies for marine machinery
highlighting the ML algorithms advances. Guo et al. [3] proposed a universal fault diagnosis
framework for marine machinery based on domain adaptation. Zhang et al. [4] developed a binary
adversarial autoencoder deep neural network model for marine anomaly detection in system-level.
Kougiatsos et al. [5] demonstrated by simulations a distributed cyber-physical framework for
marine engines sensor fault diagnosis. Coraddu et al. [6] reported the health monitoring of marine
engines by using weekly supervised algorithms. Unsupervised fault detection using the clustering
techniques and estimation of Remaining Useful Life (RUL) for rotating mechanical systems was
reported by Calabres et al [7]. Xi et al. [8] developed a classifier to avoid human errors using
independent component analysis (ICA) of vibration data obtained from several engine locations.
Tsaganos et al. [9] proposed an ensemble model (multi-technique) to classify common faults of
two-stroke marine engines. Extreme learning ensemble was developed by Kowalski et al. [10]
to classify 14 faults in four stroke diesel engines. Cai et al. [11] developed a fault localisation
algorithm targeting the engine subsystems separately using an association rule-based method for
mining a database with historical faults. Wang et al. [12] proposed a fault diagnosis framework

consisting of supervised and unsupervised algorithms for classifying limited number of diesel



engines faults at specific operating points. The diagnosis of a marine engine fault based on a
comprehensive similarity method was studied by Chai et al. [13], considering faults related to
high pressure fuel pump wear, carbon formation in the fuel injector, piston ring and exhaust
valve leakages. Perera et al. [14] demonstrated a localised model with data points clustering
using Gaussian mixture submodels associated with an expectation maximisation algorithm for
the detection of marine engine faults. Graph Learning Neural Networks were used for semi
supervised multiple graph learning for faults classification by Jiang et al. [15]. A robust feature
extraction-based image classification neural network was used to detect the damages on road by
Roy et al. [16], which however requires image data processing on a larger scale. Velasco-Gallego
and Lazakis [17] developed a methodology integrating the first-order Markov chain with both
ResNet50V2 and Convolutional Neural Networks (CNN) to identify anomalies in diesel generator
sets by implementing time series imaging. Meng et al. [18] conducted reliability analusis by
employing physics-informed neural networks. Recently, Song et al. [19, 20] proposed advanced
methods for fault tolerant dynamic control methods demonstrating their application for the case
studies of a quadrotor unmanned aerial vehicle. However, they are not relevant to marine engine
mechanical components diagnosis applicable for ship machinery due to their high frequency of
occurrence from long duration operation. Nevertheless, they could be considered for addressing
the topic of marine engines fault tolerant control or sensor fault diagnosis in future studies.
Above discussed methods require extensive datasets as input with several engine performance
parameters (dimensions). The excessive amount of information required to develop data-driven
models is known as the curse of dimensionality [21], which results in deteriorating the machine
learning algorithms performance. The large number of dimensions increases both computational
effort and the training datasets required to develop a meaningful data-driven model [22], ren-
dering the selection of input with the minimum dimensions quintessential. Hybrid approaches
combining signal processing with machine learning algorithms can address the dimensionality
issues [2]. For example, Li et al. [23] developed a predictive model to detect oil leaks in ma-
rine diesel engines using the Wigner bispectrum of instantaneous angular speed along with fault
classification based on ANN, reporting coefficient of determination (R?) values around 94%.
Kuai et al. [24] proposed an engine valve wear detection model by employing the wavelet packet
decomposition of the vibration signal and ANN classification. Wang et al. [25] employed a clas-
sification model for marine engine fault detection including valve wear, injection timing delay,
turbocharger and air cooler fouling, by using efficient channel attention of convolution neural
networks, resulting in R? values around 97%. Jian et al. [26] developed a classification model

to detect mechanical faults in marine blowers combining time-averaging decomposition (TAD)



with confusion score feature selection (CSFS), reporting R? values around 94%. However, the
previous studies only considered single or limited engine operating points instead of the entire
operating envelope, whereas simultaneous multiple faults occurrence was not considered in the
pertinent literature [27, 28].

In-cylinder pressure has been used for diagnostics, as it conveys crucial information charac-
terising thermodynamic phenomena that occur within the engine cylinders, reflecting the faults
and/or degradation of the engine components [29]. Hence, in-cylinder pressure signals are ex-
pected to be effective input parameters for data-driven fault estimation models. However, the
input dimensions of such models depend on the pressure signal sampling frequency, which typ-
ically lies in the range of 0.5-1°CA. Such sampling rates, along with the consideration of the
engine operating envelope, the expected faults and their combinations, may lead to non-practical
data-driven models dimensions for real applications. Therefore, the reduction of the in-cylinder
pressure signals dimensions is required, so that input parameters of manageable dimensions are
employed in such models to diagnose faults and estimate the fault severity in marine engines.

The rough path is a generalisation of smooth paths and can represent evolving features in real
phenomena modelled by using controlled differential equations. According to Lyons et al. [30],
the rough path method is effective in reducing the input features in multi-dimensional datasets
to path signatures. The path signatures are features representing the order of events and the
evolving pattern(s) of the considered system [31, 32, 33]. Signatures have been successfully used
in several applications, such as handwriting recognition [34], and healthcare early-warning pre-
diction [35, 36]. The logarithm of these signatures, called logarithmic signatures (logS), provides
a more concise representation of the data, which makes it preferable for cases where multidimen-
sional features are required [37]. Logarithmic signatures are more effective to transform wide
stream of data into negligible class [38] compared to methods such as Fourier transform, Wavelet
transform, Cepstral analysis [39], and Hilbert transform [40], whereas they are well compatible
with modern deep learning algorithms [38]. The logS can convey different levels of information,
as revealed from their applications in medical, finance and art industries. Based on the preced-
ing discussion, it is considered that the logS method can be used to extract information and
reduce dimensions of the in-cylinder pressure signals, providing advantages in retaining crucial
information characterising faults (and their combinations), over alternative methods. However,
a rigorous investigation to identify the most effective approach and logS levels for marine engine
fault diagnosis is needed.

The preceding discussion leads to the identification of the following research challenges per-

tinent to the faults severity estimation for marine engines: (a) the effective and practical fault



severity estimation should consider faults combinations and the the whole operating envelope;
(b) effective data-driven models should exhibit high accuracy employing the lowest number of
input parameters; (c¢) models for marine engine faults severity estimation especially employing
in-cylinder pressure signals are not available; and (d) datasets for benchmarking purposes are

not available.

1.3 Aim and novelty

This study aims at investigating the use of logarithmic signatures (logS) for marine engine fault
diagnosis. The selected logS from in-cylinder pressure are derived and used to develop a hybrid
data-driven approach that combines logS and artificial neural networks (ANN) regression to esti-
mate the severity for four critical and most frequent component faults (and their combinations)
throughout the operating envelope of the engine.

To the best of authors’ knowledge, this is the first study to propose the application of log-
arithmic signatures for the estimation of fault severity in marine engines using only in-cylinder
pressure signals. In addition, this study addresses the research challenges (a) to (c¢) identified in
the preceding section, as it considers four most frequent faults with varying severity and their
combinations in the whole engine operating envelope, whilst providing pathways and recom-
mendations to develop data-driven models for estimating the faults severity in marine engines.
Moreover, this study overcomes the literature limitations, where mostly single faults classifica-
tion models are reported.

This study provides the following contributions:

1. Address the need for effective and practical fault severity estimation in marine engines

considering combinations of simultaneous faults and the entire engine operating envelope.

2. Develop a novel data-driven hybrid approach that employs as input the in-cylinder pressure

signal to estimate the severity of critical faults in marine engines.

3. Generate datasets by using a physics-based digital twin, which can be used to benchmark

fault diagnosis algorithms.

1.4 Study structure

The remainder of this study is structured as follows. Section 2 describes the employed method-

ology, methods, and tools, as well as the four approaches for extracting the corresponding logS.



Section 3 provides the results and their discussion. Section 4 discusses the study implications,

whereas section 5 summarises the main findings.

2 Methodology

The methodology employed in this study is illustrated in the flowchart (top box) of Figure 1.
It consists of following main four phases: (1) Data Generation, (2) Data pre-processing ap-
proaches; (3) Regression models training; (4) Regression models testing. The application of the
developed data-driven model for the prediction of the faults severity of marine engines using the
recommended approach (as discussed in the results section) is illustrated in the flowchart at the

bottom in Figure 1.
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Figure 1: Model development methodology flowchart (top box) along with application of the
final model at the bottom.

Phase 1-Data generation: This phase deals with the generation of the in-cylinder pressure
diagrams for the engine operating envelope considering several faults and their combinations. A

validated thermodynamic digital twin of the investigated marine engine is employed. Simula-



tion runs are performed to derive datasets corresponding to both healthy and faulty operating
conditions. Several operating scenarios with combinations of the four most frequent faults of
varying severity are considered. A design of experiment (DOE) method is used to set faults with
different severity indices as explained in Subsection 2.1.

Phase 2—Data pre-processing: This phase focuses on deriving the datasets required to set
up, train, and test the data-driven regression models (in Phase 3). The following four approaches

are proposed:
e Approach 1: Elementary n* number of logS

e Approach 2: Elementary n* number of logS transformed by principal component analysis

(PCA)
e Approach 3: Selective n* number of logS with high variance
e Approach 4: Selective n* number of logS with high variance and transformed by PCA

Initially, the in-cylinder pressure signals are fed to the logS algorithm (also providing the logS
level as input) to derive the logS (termed elementary). Different logS levels are considered
as explained in section 2.2.1), to perform a parametric study and quantify the impact of the
logS level (and number) on the regression models accuracy. Variance analysis is carried out to
identify logS with high variance on the considered faults. Principal component analysis is also
employed to derive the principal components of logS (elementary and high variance). All the
parameters are standardised and datasets consisting of the input and output parameters required
for the regressions models (Phase 3) corresponding to approaches 1-4 are formed. Finally, the
standardised datasets are separated into training and test datasets (considering the test to train
ratio, ), which in turn are used to train and validate the regression models (Phase 3).

Phase 3—Regression model training: This phase involves the set-up and training of
regression models based on artificial neural networks (ANN). The training of the regression
models (ANN) is based on the prediction error minimisation, whereas the cross validation is
performed on the validation datasets, which are iteratively separated from the training data
to avoid the ANNs over-fitting. The performance of these ANNs is evaluated using metrics
including Root Mean Square Error (RMSE) and standard errror (SE). The details of the ANN
structure and training parameters are provided in Subsection 2.3.

Phase 4-Regression model testing: Lastly, the trained ANNs corresponding to each

approach are evaluated by employing the testing datasets, which were separated and are not



used at all in the training phase. The findings of the four phases are evaluated and recommen-
dations for the development of data-driven fault severity estimation models for marine engines

are provided, according to the bottom part Figure 1.

2.1 Data generation for in-cylinder pressure

This section describes the generation of the datasets required for the training and validation of
the proposed data-driven fault diagnosis model. Experimental measurements from faulty engine
conditions are not available, due to the followed maintenance practices. However, synthetic
datasets that contain performance parameters from both healthy and faulty conditions are gen-
erated by using a physics-based digital twin (DT) based on thermodynamic zero-dimensional
modelling, which was validated against shop trials and limited operational parameters.

The engine used in this study is the four-stroke Wartsilda 9L46C marine engine, which is a
nine cylinder turbocharged medium speed engine. This engine is installed in a RoPax ferry,
the propulsion plant of which consists of two identical engines, each driving a controllable pitch
propeller and a power take-off generator through a gearbox. The main particulars of this engine

are listed in Table 1 [41].

Table 1: Investigated marine engine specifications.

Parameter Value

Maximum Continuous Rating point 9,450 kW @ 500 r/min
No. of Cylinders 9
Cylinder Bore 460 mm
Clutch-in Speed 300 RPM
Turbocharger ABB TPL 77-A30

The DT for this engine is developed and calibrated according to the framework provided
by Tsitsilonis et al. [42]. Subsequently, it is employed to generate in-cylinder pressure datasets
considering both healthy and faulty conditions; the latter are associated with several engine
components faults and degradation. This study considers four faults pertaining to fuel injection,
friction, blowby leakage, and charge air cooler that occur the most frequently, and for which
experimental data collection remains challenging [43, 44, 45]. The modelling of these faults

considering their severity level S is described as follows.

1. Fuel injection issues: The advance and retard of the start of injection (SOI) occurs due to

wear and tear of the fuel injection system (pumps and injectors), resulting in deterioration

8



of the engine performance. This study employs SOI advance and retard to represent the
fuel injection fault. This fault is captured by changing the Start of Injection (SOI) for
each cylinder (which is input parameter of the employed DT, according to the following
equation:

0501 faulty = 0501 neattny (1 £ Bsorn) (1)

. Increased friction losses: Increased engine friction losses due to lubrication system
deficiencies, or excessive bearings wear and tear result in reducing the engine brake power.
This fault is injected to the DT by adjusting the Friction Mean Effective Pressure (FMEP)

according to the following equation:
fmepfaulty = fmephealthy<1 + Bfmep) (2)

. Blowby: Leakages of exhaust gases from the cylinder due to wear and tear in cylinder
liner and piston rings cause the engine performance deterioration. This fault is modelled
by using the blowby area and the nozzle flow equation to calculate the leakage gas mass

flow rate [46]. The Blowby area (Agp fauty) inn this study and expressed by:

(D) = (Deyt — 21)°]
4

ABB,faulty =T Blowby (3)
Where t is gap thickness between the piston rings and the cylinder wall.

. Charge Air Cooler (CAC) fouling: This fault is attributed to the deposits and fouling
in both sides (air, cooling water) of the CAC, and results in reducing the heat transfer
rate (from the air to the cooling water). It is modelled by reducing the charge air cooler

effectiveness according to the following equation:
NCAC faulty = 1CAC healthy (1 — Bcac) (4)

To capture the combinations of these faults, a full factorial design method reported in [47] is

employed. The fault severity level Sg,y varies from 0 to 0.6 (—0.6 to 0.6 for the SOI fault) with

increments of 0.15. The healthy conditions correspond to Bgu; = 0, whereas the most severe

fault corresponds to Sgus = £0.6. In total, 1,125 (5% x 9) combinations were generated with the

full factorial design method for each operating point (steady state conditions) of the investigated

marine engine. To retain the engine power output with varying the fault/degradation severity

and combinations, the engine injected fuel amount was adjusted by using a PID controller.

To facilitate the fault/degradation estimation over the whole engine operating envelope, 50

operating points corresponding to steady state conditions were considered. Cumulatively, 56,250
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(1,125 x 50) simulation runs were performed with the fault combinations. In this respect,
the heath status of the investigated marine engine throughout their operating envelope can
be represented. It should be noted that this study considers similar faults/degradation for all
the cylinders of a multi-cylinder engine. The cases of different faults/degradation for different

cylinders is out of this study scope.

2.2 Data pre-processing using logS

This section describes the logS derivation and the parametric study considering levels of logS
(corresponding to different logS numbers) to determine number of logS required for fault diag-
nosis task. Subsequently, the four approaches are proposed (based on the rationale behind the
logS selection) including data standardisation and splitting, to derive the datasets required for

the regression model training and testing (for Phases 3 and 4).

2.2.1 Log signatures (logS) from pressure path

For an integer J, consider a R”-valued time-dependent, piece wise-differentiable path X, of finite
length over ¢ € [s,t]. Each coordinate of X is a real-valued path denoted by X*,i € {1,...,J}.
The signature of a path X : [a,b] — R, denoted by S(X)s,, is the infinite collection of all

iterated integrals of X:

S(X)sy = (1,8(X)L,,...,8(X).,, S(X)5, S(X)k7,..), (5)

sty

where, the first term is 1 by convention, whereas the superscripts of the terms after the first term
run along the set of all multi-index {(iy,...,ix)|k > 1,1 < idy,...,ix < J} with the coordinate

iterated integral being

S(X) = / e / dX[ .. X, (6)
s<tp<t s<t1<t2

d" level of the signature. Each level has its geometric meaning; for instance, the first level of the
signature of a path captures the incremental effect of the path whilst the second level captures
its area effect. The signature can be truncated up to the d* level for practical use, denoted by
|S(X)s.t)a- The length of the truncated signature up to the d™ level is J(J¢ —1)/(J — 1).

The logarithmic signature of a path is defined as the logarithm of the signature of the path
X: log(S(X)). The advantage of logarithmic signatures compared to signatures is that they

further reduce the dimensions of the input whilst retaining most of the signature properties.
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The resulting dimension is ZZ:1 % Zi‘k,u (%) J', where i | k represents the value k can be
divided by ¢ and u (%) is the Mobius function, i.e., the sum of the primitive %th roots of unity.

It must be noted that the log signatures do not have universality, which means other paths
can have same log-signatures. Therefore, the signatures needs to be combined with non-linear
models for learning tasks [48, 49].

Path signatures are used for various applications in stochastic analysis, including the integra-
tion of rough paths, the construction of stochastic differential equations, and the computation of
rough path spaces. In real applications, truncated signatures and logarithmic signatures can be
derived from datasets by employing several available Python packages (e.g., esig [50], iisignature
[51], signatory [52]). Importantly, logS are used primarily in ML to represent sequential data
in a way that is invariant to time-warping and re-parametrisation [33], which is the case for
the application herein. More information on the logS calculation is provided in the pertinent
literature.

This study calculates the logS for in-cylinder pressure signal, which is R7-valued angle-
dependent (pressure values are recorded as function of the crank angle (¢) for the range 0 —
720°CA for four stroke engines), piece wise-differentiable path p, of finite length over ascending
values of ¢ € [0, 720] for each cylinder. Figure 2 provides the in-cylinder pressure diagrams for
one of the nine engine cylinders at a specific engine operating point.

x107
1.2

Pressure [Pa]
o o o =
» o ¥ o

o
[N

0.0-
0 90 180 270 360 450 540 630 720
Crank angle [degrees]

Figure 2: Typical in-cylinder pressure signal (path) for one cylinder for an engine operating

point with healthy conditions.

The crank angle (¢) is used instead of the time for the logS calculation. The crank angle
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values are normalised in the range [0,1]. The signature of the pressure path p,, denoted by

S(p)o.1, is the infinite collection of all iterated integrals of p, according to the following equation:

S(P)os = (1, S(p)b1, S(P)e1: S(P)o1s - - -) (7)

The python package (stream?2logsig from esig.tosig [50]) is employed to calculate the logS
using as input the in-cylinder pressure (p),the normalised crank angle (¢), and the signature

level (d), according to the following equation:
S(p)oa = esig.tosig.stream2logsig(p, ¢, d) (8)

where p denotes the in-cylinder pressure values for a cylinder corresponding to normalised
ascending crank angle ¢. All the pressure profiles for the 56,250 operating points (Section 2.1)

are used to derive their corresponding logS.

2.2.2 Parametric study

Initially, a parametric study is performed on level of logS (derived from in-cylinder pressure
signals) to determine minimum level and their corresponding logS number (n*) which can be
used as input for estimation of fault severity. The selection is performed by comparison of the
accuracy of the fault estimation of regression models (ANN) that accept extracted logS as input.
The logS levels from 2 to 6 are used for the parametric study. The results of the parametric

study are presented in the results section.

2.2.3 Variance analysis and standardisation

This subsection describes the activities to identify which signatures can convey information
pertinent to the fault severity estimation.

Figure 3 shows the variation in the randomly selected 10" and 28" logS due to the considered
faults. Each plot focuses on a specific single fault (black markers) as well as its combination
with other faults (red markers). These results showcase that each combination of faults exhibits
different impact on the logS. No specific relationship is observed between the fault severity and
the logS value. For example, the 10" signature increases with the fault severity (Btaurt), whereas
the 28" increases with the reciprocal severity of the faults. Moreover, it is inferred from the
vertical axes scales that the variation of logS values for a specific fault changes dramatically
from the 10*" to the 28" signature. This change increases further from the earliest to the later
signatures. This implies that the information contained in the logS increases with the level

(number of signatures).
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Figure 3: Impact of faults severity on 10" (left) and 28" (right) logS for the cases of single

faults (black symbols) and faults combinations (orange symbols) at 462.5 r/min and 100% load.

Higher variance of the input parameters (logS herein) has higher potential to be used as

input for data driven models [53]. The logS variance analysis for each fault is performed to
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Figure 4: Variance of logS values (red symbols) for the charge air cooler fouling fault (and
combinations with other faults) for the logS No. 1 to 40 (plot is presented in four sections).

Blue points represents the local maxima of logS.

identify whether using specific logS (with high variance) can lead to ANN higher accuracy of
fault severity estimation. For example, Figure 4 presents the variance of logS for the charge
air cooler fouling. Due to the vertical-axes scale limitations, the variance peaks of several logS
remain unnoticed. The logS from 1 to 40 are presented in the four plots of Figure 4, each using
different y-axis scale to identify the variance peaks. The local maxima (peaks) of the variance
are represented by the blue points. Among the first 40 logS, the numbers 2, 4, 7, 11, 13, 18, 21,
28, 32, 37, and 40 exhibit high variance. Hence, the third approach considers the use of the high
variance logS as input for the regression models.

Principal Component Analysis (PCA) [54] is a method to identify underlying patterns and
transform multi-dimensional datasets into sets of uncorrelated variables, called principal com-
ponents [55], which exhibit high variance.

Approaches 2 and 4 employ PCA to transform the elementary and high variance logS, re-
spectively, in a new set of input parameters (for the regression models). The four approaches
listed in Section 2 are comparatively assessed as presented in the results section.

The datasets include the following parameters for each approach: elementary logS (approach
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1); principal components of elementary logS (approach 2); high variance logS (approach 3); and
principal components of high variance logS (approach 4). In addition to these parameters, for
all approaches, the datasets include the following parameters: engine speed, engine load, Ssor,
Bmeps BBiowby, and Beac-

These datasets are standardised to zero mean and unit variance, using the StandardScaler
function [56]. In this respect, considerable differences in magnitudes of and output features are

avoided.

2.2.4 Data splitting

The pre-processed datasets are divided into two sets: training and testing. The training set is
used to train the regression (ANN) models for each approach, whilst the testing set is reserved
(from the training phase) to test those models. The ratio of test to train datasets is determined

by employing the following equation:

(9)
where Fr denotes the test datasets, and Frya denotes the complete datasets. This study

employs 7 = 0.15 to separate the test data from the complete data-set.

2.3 Regression model

Regression models are mathematical representations of the relationships between the input fea-
tures and the continuous target variables. As several regression techniques including linear,
polynomial, support vector, decision trees, and artificial neural networks are available, the selec-
tion of the most appropriate technique is crucial. Comparison of different regression techniques
on the same datasets were reported in previous authors’ studies [57][58]. Therein, regression
based on artificial neural networks (ANN) was found to be the most accurate and robust tech-
nique. Hence, ANNs are selected to develop regression models.

ANN consists of an input layer (accepting input features) and an output layer (estimat-
ing output parameters) with hidden layers between them. The selection of input and output
parameters depends on the features and target variables, respectively.

Several ANNs were set up corresponding to the considered approaches. The ANNs output
parameters (target variables) include the severity (3) for each fault. The input parameters
(features) include the engine speed, and power, as well as the log-signatures (elementary or high

variance) or their principal components, depending on the approach (1 to 4). These input and
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Table 2: Parameters of the feed forward Artificial Neural Network (ANN) used for the fault

severity estimation.

Parameter Value
Optimiser Adam
Batch size 30
Hidden layers 2
Nodes per hidden layer 10

Activation function (hidden layer) Exponential Linear Unit (ELU)
Activation function (output layer) Linear

Learning rate 0.001

output parameters are standardised as described in the previous section. However, a typical
selection technique does not exist to determine the hidden layers and their neurons numbers.
Therefore, these parameters are determined by testing several combinations of the hidden layers
number (1, 2, and 3) and neurons number per layer (5, 10, and 15) for the ANN with 10 input
parameters targeting to minimise the faults severity estimation errors [58], according to the
guidelines reported in Xu and Chen [59]. As the input parameters number for the different
ANN does not vary substantially between the different approaches, the selected (optimal) ANN
structure was employed for the four approaches.

Figure 5 presents the selected optimal structure of the developed ANNs for estimating the
faults severity. The same structure is used to compare the different approaches described in the
pre-processing phase. The ANNs optimised parameters are listed in Table 2. The Exponential
Linear Unit (ELU) function is used as the activation function for the hidden layers due to its
fast convergence [60]. As the fault severity is a continuous variable (Section 2.1), the linear
function is used for the output layer.

The training datasets (that were separated in Phase 2) are further classified into training and
validation datasets. The training datasets are used with a batch size of 30 samples to calculate
(fit) the weights and biases of the ANNs. The Adam back-propagation algorithm reported in
(61, 62] was employed to minimise the prediction error (using the testing data). To avoid over-
fitting [63], cross validation is performed through several iterations by further separating the
training data in training and validation datasets (85% training and 15% validation) in each

iteration. The error monitored during these iterations is presented in the results section. The
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Figure 5: Structure of the Artificial Neural Network (Multi Layer Perceptron) used for the

estimation of the four considered faults and their severity

loss function representing the prediction error is expressed by the following equation:

D
EANN = argmin J Z(ﬁfault,cyl,z' — Brautt,enti (Ci, 0))? (10)

gcyl i=1

where C; denotes the ANN input (logS, engine speed and power) for the i** data-set, 6 represents
the ANN weights, D is the total training datasets number, Bguit cy1,; denotes the training data-set
fault severity, whereas S, cy1(Ci, ) denotes the predicted fault severity.

The final adjusted values of weights and biases at each node, which provide the minimum
error when employing the validation datasets, are determined at the end of the training process
considering 200 epochs (total number of times the ANN uses the data-set). The error during
the cross-validation iterations over 200 epochs for approaches 1-4 are presented and discussed
in the results section.

The Standard Error (SE) is calculated by subtracting the predicted values (estimated by the

regression model) from the actual values, according to the following equation:

where y; is the actual value of Bguy, ¥; is the predicted value of Bpu

The Adam optimiser minimises the Mean Square Error (MSE) to identify the ANN weights
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and biases. The MSE is calculated by the following equation:

n

MSE = =3 (g, — 4. (12)

n“
=1

The Root Mean Square Error (RMSE) is calculated according to the following equation to

compare the ANNs overall performance:

n

RMSE = | - > (yi— i) (13)

n <
=1

The coefficient of determination (R?) is also used to compare the accuracy of ANNS for each
approach to estimate faults on validation data. The R? is calculated according to the following

equation:

R2—1_ > i (yi — i) (14)

3 Results and discussion

The RMSE variation for the ANNs employed in the parametric study are presented in Figure 6;
the training phase results appear on the right, whereas the validation phase results are shown
on the left. The levels of the log signatures from 2 to 6 resulted into extraction of 5 to 25
logS, respectively. When the logS obtained from level 2 and 3 are considered as input (to the
respective ANNs), the RMSE becomes saturated after 50 and 100 epochs respectively, which is
attributed to the limited information provided by these logS. The information supplied through
deeper logS (with level more than 4) reduces the RMSE, showcasing potential for its further
reduction when in greater epochs number. To avoid over-fitting the training data, the RMSE
of the validation process is monitored, which also exhibits a similar behaviour. However, the

RMSE calculated during the validation phase becomes unstable as the logS level increases

Table 3: Characteristics of the ANNs corresponding to the 1st approach for different logS levels.

No of No of Hyper- Training RMSE on
Level (d)
signatures (n) Inputs (N) Parameters time (s) validation data
2 3 5 214 399.3 0.17
3 S 7 234 427.9 0.11
4 8 10 264 443.8 0.095
5 14 16 324 453.3 0.079
6 23 25 414 614.7 0.071
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Figure 6: RMSE variation of ANNs corresponding to the 1st approach for the investigated marine
engine faults estimation during the ANN validation phase (left), and training phase (right) over
200 epochs with varying logS level.

Table 3 presents the characteristics (input parameters, number of hyper-parameters) of the
developed ANNs considering different logS levels, as well as the required training time and
the calculated RMSE by using the validation datasets. It is evident that greater logS level
increases the number of the input parameters (logS, engine speed and power) and the training
time, whereas the RMSE reduces. A 5% increase of the training time with around 15% RMSE
reduction is found between ANNs with logS levels up to 5. However, logS levels beyond 5
considerably prolongs the ANN training duration, exhibiting though 5% RMSE reduction.
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Figure 7: RMSE variation of the ANNs corresponding to four approaches on validation data-set
over 200 epochs.

Based on these findings, level 4 corresponding to 8 elementary logS (n*=8) is selected to
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further compare the ANNs performance considering the four approaches listed in Phase 2. Fig-
ure 7 illustrates the RMSE for the validation datasets of the ANNs for these approaches. These
ANNs employed the same number of input parameters (8 logS, engine speed and power). The
RMSE of the ANN using (as input) the elemental logS is 15% lower compared to the RMSE of
the ANN using the selected high variance logS (following the variance analysis). This showcases
that the selected logS with high variance do not contribute to the fault diagnosis compared to
similar number of elementary logS. This implies that the elementary logS collectively provide the
required information pertinent to the considered four faults. Figure 7 also provides the RMSE
for the approaches 2 and 4 with the use of the 8 logS principal components. It is inferred that
the use of PCA improves the ANN accuracy (lower RMSE) for both approaches (elementary
and selected logS). Overall, these results indicate that approach 2 (elementary logS with PCA)
is more effective exhibiting the lowest RMSE.

Table 4 summarises the performance of ANNs for the four approaches. Approach 2 (elemen-
tary logS with PCA) exhibits around 80% reduction in the training time associated with 41%
RMSE reduction compared with first approach (without PCA). Approach 4 (selected logS with
PCA) exhibits only around 11% RMSE reduction with almost same training time compared to
approach 3 (selected logS). This implies that approach 2 (elementary logS with PCA) is the
more effective in terms of capturing the datasets information and improve the regression model

accuracy for estimating the faults severity.

Table 4: Characteristics of regression models (ANNs) pertaining to the four approaches listed
in Phase 2.

No Approach No of Trainable Training RMSE on R? on
Description Inputs (N) Parameters time (s) validation data validation data

1 Elementary logS 10 264 443.8 0.095 0.78

2 Elementary logS with PCA 10 264 96.39 0.055 0.92

3 Selected logS 10 264 94.90 0.11 0.70

4 Selected logS with PCA 10 264 93.70 0.098 0.77

The developed ANNs corresponding to the four approaches are further tested on 15% of the
testing datasets (which were separated in Phase 2). Figure 8 presents the overall RMSE (bars)
calculated by employing eq. (13) considering the predicted faults severity (with combinations of
the four faults) at particular engine cylinders, whereas the whiskers represent the 95% confidence
interval of the standard error calculated by eq. (11) for each approach. Similarly to the findings
discussed in the preceding paragraphs (corresponding to the ANNs training performance), ap-

proach 2 (elementary logS with PCA) is found to be the most effective, as it exhibits the lowest
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overall RMSE (0.059 compared to 0.095-0.115 of the other approaches). Moreover, approach 2

exhibits the lowest 95% confidence interval fo the standard error.
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Figure 8: Estimated error metrics for the ANNs corresponding to approaches 1-4 for considering
the four faults for testing datasets. Bars denote RMSE, whereas whiskers represent the 95%

confidence interval of the standard error.

Figure 9 presents the predicted error metrics on each fault severity (Sgu) for the ANNs
corresponding to approaches 1-4. The bars represent the RMSE, whereas the whiskers represent
the 95% confidence interval of the standard error. These results also confirm that the approach
2 (elementary logS with PCA) exhibits the lowest RMSE in all the considered faults. However,
it must be noted that RMSE for the faults of friction, blowby and start of injection exhibits
the lowest values (in the range 0.02-0.03 for Approach 2), whereas the RMSE for the charge air
cooler fault is around 0.1. This is attributed to the fact that the first three faults directly impact
the engine in-cylinder pressure signals. The developed ANNs predictions exhibit lower accuracy
compared to the other faults, as the charge air cooler fouling indirectly impacts the in-cylinder
pressure.

The standard error (SE) represents the difference between the target and predicted values of
the faults severity. The SE confidence intervals trade-offs (as function of the approach) follow
the respective RMSE trade-offs. Approach 2 (elementary logS with PCA) exhibits the smallest
SE 95% confidence interval. The SE 95% confidence interval average values are offset (both
positive and negative offsets were estimated). It is reaffirmed that using PCA improves the
ANNs accuracy (reduction of both RMSE and SE). Hence, this study recommends the PCA use
along with logS.

Based on the previous findings, this study recommends the use of an integrated approach
to develop data driven models for marine engines fault diagnosis as presented in Figure 1.

This approach fuses the logarithmic signatures as the feature reduction method, the Principal
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Figure 9: Estimated error metrics for ANNs corresponding to approaches 14 for each fault by
using the testing datasets. The bars denote RMSE, whereas the whiskers represent the 95%
confidence interval of the standard error. Accuracy for each approach in percentage (R?) below

every bar.

Components Analysis as a method to transform the logS to variable with high variance, the
input/output parameters standardisation, and the ANN as the regression method to estimate
the faults severity.

The proposed data-driven model consists of two blocks; the first deals with the extraction
of information from the in-cylinder pressure signals (using logS, PCA, and standardisation),
whereas the second consists a typical ANN, which is employed as the regression model to es-
timate the faults severity. For marine engines similar to the one investigated herein, the ANN
structure is expected to follow the optimal found in this study (2 hidden layers, 10 neurons per
layer). However, future studies can investigate other structures or modern regression methods
to further minimise the prediction errors. This model can be developed by using labeled data
sets generated by a digital twin or synthetic datasets (measured and simulated data). Following

model development, its practical application includes the use of measured in-cylinder pressure,
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engine speed, and load as input parameters, to estimate engine faults and their severity, as
proposed in the bottom part of the flow chart shown in Figure 1. It must be noted though that
pre-processing of the measured engine parameters are needed to remove offsets and outliers prior

to their use (as input) in fault estimation data-driven models.

4 Study implications

The study demonstrates that the extraction of log signatures effectively captures information
from the pressure signals in the cylinder to support engine fault diagnosis. Hence, it is expected
that elementary logS processed with PCA is an effective method in addressing the need for re-
ducing large datasets, whilst retaining the conveyed information of the original datasets. Simple
regression techniques (such as typical ANNs) facilitate the use of the extracted logS to estimate
specific fault severity, thus providing a computationally effective approach for ship machinery
diagnosis applications.

The selected hybrid approach (Approach 2) demonstrated herein for marine engines fault di-
agnosis, which employed techniques including logS, PCA, standardisation, and ANNs, exhibited
R? values exceeding 97% for estimating each fault (alone or in presence of other faults) in the
entire operating envelope) shown in Figure 9. The pertinent literature (Section 1.2) reported
that state-of-the-art (SOTA) algorithms exhibited R? in the range 94 —97% for estimating single
faults at specific operating points. Hence, it is inferred that the selected approach outperforms
SOTA algorithms. However, future studies are recommended to provide specific comparative
assessments between the proposed approach and SOTA algorithms.

The selected hybrid approach will allow the development of intelligent health monitoring
and management systems for the next-generation ships machinery, which are expected to use
a high level of autonomy and perform partially crewed operations even without crews. These
approaches and methods can be extended to other internal combustion engine types including
propulsion and electricity generation, providing that in-cylinder pressure signals are available,
thus leading to the development of effective tools for these engines’ health management.

The limitations of this study include verification of the fault severity estimation model in
measured and / or published data sets, consideration of other components faults, and consid-
eration of different fault severity levels in each engine cylinder. These limitations need to be
addressed in future studies. Despite the preceding limitations, this study impact is consider-
able, as it provides: (a) insights on the use of path logarithmic signatures to marine engines

fault diagnostics applications, and (b) recommendations to develop data-driven faults severity
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estimation models.

5 Conclusions

This study investigated the applicability of logarithmic signatures (logS) for the fault severity
estimation of marine engines using only in-cylinder pressure signals and the engine operating
point (speed and load). The in-cylinder pressure signals were generated using the digital twin
of the investigated marine engine. Four pre-processing approaches to generate labelled datasets
with the regression models input and output parameters were comparatively assessed to quantify
their impact on the regression models accuracy. These approaches included the use of elementary
or high variance logS without/with the use of Principal Component Analysis (PCA), and addi-
tionally employing features (parameters) standardisation. Regression models based on typical
ANN were developed for each approach.

The main findings of this study are summarised as follows.

1. The engine fault severity estimation accuracy increases with the log signatures level. The
regression ANN with log signatures level up to five as input exhibited 5% increase of the

required training time and around 15% root mean square error reduction.

2. The trade-off between accuracy and training time for the regression ANN was determined.
The log signatures with level four (eight log signatures) were found to provide the highest

accuracy.

3. The second pre-processing approach, using eight elementary log signatures as input along

with principle component analysis is found to be the most effective.

4. The overall fault severity estimation error (Root Mean Square Error) for the second ap-
proach was found around 0.05, whereas the 95% confidence interval of the standard error

was estimated £0.1 for testing data-set.

5. The severity of faults originating from combustion chamber, including blowby, friction,
and start of injection change were estimated with 0.025 root mean square error and +0.05

for the 95% confidence interval of the standard error for the testing data-set.

This study considered the same faults severity for all nine engine cylinders, whereas only a
limited number of measured in-cylinder pressure signals corresponding to healthy conditions and

specific operating points were employed. This is the first study reported in the relevant literature
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that addresses the estimation of the fault severity; therefore, comparison of the results with
reference datasets is not performed as such datasets are not available. Moreover, the comparison
of the logS with traditional information extraction methods such as Fourier transform, Hilbert
transform, wavelet, and Cepstral analysis is proposed for future studies to quantify the impact
on the fault severity prediction. This study affirmed that the use of in-cylinder pressure signals
supports the diagnosis and estimation of severity of faults and their combinations for marine
engines. However, to address faults on other engine components (including charge air cooler
and turbocharger), additional datasets are required as input. Future studies could investigate
combinations of faulty cylinders, the use of additional datasets for the severity estimation of
marine engines faults (and their combinations), alternative information extraction methods, and
bench-marking the developed methods against reference or experimentally obtained datasets.
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