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Abstract: The development of Artificial Intelligence-based tools is having a big impact on industry.
In this context, the maintenance operations of important assets and industrial resources are deeply
changing both from a theoretical and a practical perspective, even in the field of ship propulsion
systems. Namely, conventional preventive maintenance schedules audits and checks at fixed times
by using statistics on component failures, but it can be improved by a predictive maintenance based
on the real component health status, which is inspected by proper sensors. In this way, time and
costs are saved. More in details, data-driven models, through Machine Learning (ML) algorithms,
generate the expected values of monitored variables for comparison with real measurements coming
from the asset, hence for a diagnosis based on the difference between expectations and observations.
Then, a ML-based fault detection starts with the choice of the ML algorithm. This process is often not
the consequence of an in-depth deep analysis of the different algorithms available in the literature.
For that reason, the authors propose a simple procedure to support a first implementation stage of
the so-called Condition Based Maintenance (CBM): a quick benchmarking of the most suitable ML
algorithms useful for fault detection. The algorithms are compared by taking into account not only
the algorithm output error, shown by the Mean Squared Error between predictions and data, but also
the response time, which is a crucial variable for maintenance purpose.

Keywords: predictive maintenance; failure detection; machine learning; diesel engine simulation;
diesel engine modelling

1. Introduction

In recent years, new technologies have radically changed industry such that the concept of
Industry 4.0 has been coined, meaning the pervasive introduction of information technologies that
create networks where machines communicate each other [1]. Many sectors have been affected by this
deep change, including the maritime one. In fact, the term Shipping 4.0 has been introduced next to
Industry 4.0 to refer to "smart ships", namely fully interconnected and potentially autonomous vessels
[2]. To make this scenario possible, it is important to design suitable devices able to communicate
information to the outside world, that is all the infrastructures correlated to the maritime world, not
only the ships. For that reason, the term "smart ship" has been expanded by "smart ports" and "smart
transportation” [3]. However, the development of autonomous and smart plants has opened new
challenges. An example is given in the maritime sector by the necessity to update the dock-to-dock
operations [4]. In this context, the virtual counterpart of the physical asset, namely a Digital Twin (DT),
is often used for different purposes, i.e. maintenance or design. In fact, implementing the physical
laws in the cyber-space gives the possibility to create both the copy of the whole ship [5] or only the
single component, such as the main engine [6]. An important observation is that Industry 4.0 and
Shipping 4.0 do not forget humans are the core of the change of paradigm. In fact, technicians are
involved in new activities if equipped with new smart devices, such as augmented reality instruments

[7].
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1.1. Predictive Maintenance by Data-Driven Models

Among all the fields and applications that have been influenced by this revolution, maintenance
has radically changed. Maintenance is defined as "any activity carried out on an asset in order to ensure
that the asset continues to perform its intended functions, or to repair the equipment” [8]. Until recently,
maintenance operations were performed in two different ways: Reactive Maintenance (RM) and
Preventive Maintenance (PvM). The first is applied once the failure occurs; the second is based on
statistical observations such that, based on similar applications, maintenance is planned before the
failure is likely to happen. While RM is now outdated, PvM is still widely used in maritime applications.
The main problem of this approach is that it leads to audit or maintenance operations that are not
really required, increasing both idle time and waste of money. A new kind of maintenance has been
introduced to solve this problem: Predictive Maintenance (PdM) [9,10]. In this case, the aim is to
predict failures by using sensors that are installed on-board. Some authors prefer using the Prognostic
and Health Management (PHM) definition [11]. The medical term "Prognostic" highlights the fact that
it is not only necessary to provide information on the health status of machines but also to predict
incoming failures. Some authors call PdM also Condition-Based Maintenance (CBM) [10,12]. Herein,
the authors will use the acronym PdM to comprise both PHM and CBM. The advantage of the PAM
approach is to give information about when components and machines actually need maintenance. In
this way, the audit timetable is not fixed in advance but depends on the current, real machinery health
status. The approach reduces the idle time and waste of money for unnecessary inspection. Moreover,
an intelligent and continuous parameter monitoring allows us to decrease sudden failures, thereby
increasing the safety for ships, transported goods, and passengers.

To be more specific, PAM maintenance can be performed in two different ways, depending on
how data are collected:

(@)  Offline Monitoring: data are acquired when the machinery is not working. Examples are given by
vibration analysis, oil analysis, ultrasound monitoring [13]. In this last paper, once the engine
is switched-off, wave spectrum analysis through ultrasonic signals is used as condition-based
technique to analyse the health status of the engine. The main advantage of this technique is
to provide very precise and helpful information on the engine health status; nevertheless, the
engine needs to be switched-off, thus limiting the applicability of the approach because failures
can happen during the working hours, e.g. when ships are sailing.

(b)  Online Monitoring: data are collected during machinery operations. Examples are given in [14,15],
where the main approach consists in training the predictive algorithm on previously acquired
data, and then applying it during the operation of the monitored device. The main advantage of
this method is that it provides information on the engine health status continuously. In this way,
it is easier to catch failures earlier. However, issues related to interruption of data acquisition and
noise must be possibly addressed.

Once the data collection strategy is chosen, the next step is to select the failure detection model.
They are classified based on the diagnostic strategy [16]:

(a)  Data-driven models: they typically apply Machine Learning (ML) or Deep Learning (DL) algorithms
for failure detection or prediction. An example is given by [17].

(b)  Physics-based models: in this case, the outputs from the real asset are compared to those given by
the physical model that is developed to represent the system under maintenance. An example is
given in [18].

(¢) Knowledge-based models: they try to mimic the experts’ reasoning; the main advantage is that
complex physical models are not needed. An example is given by the Bayesan Networks (BN)
[19].

Although all the aforementioned methods are valid for diagnosis, the authors focus on online
monitoring and data-driven models. The main reason to prefer online monitoring is because providing
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engine status information continuously is the best way to catch sudden failures in time, avoiding
catastrophic accidents (see the Baltimore bridge collapse after cargo-ship power loss, March 2024).
Moreover, data-driven models are linked to the technology development, especially in the maritime
sector regarding the propulsive systems. In fact, the objectives that must be reached by the 2030
Agenda and Paris Agreement 2050 determined a high interest for investigating new fuels for marine
propulsion, such as hydrogen fuel cells [20] and ammonia engines [21]. For that reason, physical
models or experts’ knowledge are often not available. Instead, data-driven models do not require the
implementation of physical laws, which gives high flexibility to the detection algorithms, such that
they can be applied to different engines without deep changes to the algorithmic structure.

In this innovative context, frequently it is not well explained how the algorithms used for
diagnostic purpose are chosen. A benchmarking between them is proposed in [22]-[23], but neither
analysis is finalized to the choice of the best algorithm to apply to the monitored machinery. For that
reason, the aim of the authors is to propose an easy-to-use procedure to apply at the initial stage
of CBM implementation in industrial settings. The procedure is developed to easily find the best
algorithm. For each component of the system that is subject to faults and is fundamental for the engine
operation. In each case, the procedure marks the best algorithm. Finally, once all components have
been analysed, the algorithm which is marked for the major number of time is chosen. Moreover,
differently from [22], the authors propose to take into consideration also the time variable, that is
crucial for maintenance purpose.

Section 3 synthetically describes the simulation model of the engine used as case study and to
which the strategy is applied. Section 4 shows the simulation results. Finally, Section 5 draws the
conclusions and indicates future challenges.

1.2. A Bird’s-Eye View of Prediction Models

Data-driven models have been widely investigated in literature, and applied to different diagnosis
problems. They can be used as classifiers and as predictors. In both cases, the aim is to answer to three
maintenance questions:

1. Will there be a fault?
2. Where will the fault be?
3.  When will the failure occur?

Answering to all the questions is necessary to apply the PdM in a good way. In fact, it is possible
to know which component is affected by the fault and when the failure is predicted to occur.

Focusing the attention on the maritime sector, the shipowner will have the time to contact the
shipyard for managing the audit and to order the spare parts. The difference between classifiers and
predictors is the way in which they are applied: a classifier is trained to compare new data with data
from the different engine behaviours it was trained on. Then, it associates a score to each comparison,
and finally outputs the behaviour with the highest score. Examples of PAM by classification are given
in [10,24,25].

On the contrary, predictors are trained to predict the expected values of engine variables. They
are then compared with the outputs from the real asset. An example is given in [26], where an
Artificial Neural Network (ANN) evaluates the expected values of parameters individuated as failure
indicators. Finding failure indicators is decisive in diagnostic and prognostic models. In fact, reducing
the computational cost is important to realize an intelligent diagnostic tool that should be installed
onboard. For that reason, as concluded by [27], modelling and simulation can be used to overcome the
poor availability of faulty data. Synthetic data produced by simulation make it possible to compare
healthy with faulty behaviors, and to find the most suitable failure indicators. In other cases, Neural
Networks were implemented [28,29]; moreover, in [30,31] Random Forest are applied for maintenance
purpose, and, finally, in [32,33] authors propose the application of an Ensemble Neural Networks. One
of the main problems of CBM is to guarantee continuous data storage and communication between the
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ship and on-shore operators. To address this issue, a Hierarchical Data Format version 5 was proposed
to store a large amount of data [34].

It is remarked that the main contribution of this paper is to a procedure for choosing the best
data-driven algorithm for diagnosis purposes. In the authors” opinion, finding the best algorithm for
machine learning should be the starting point of a condition-based maintenance but, at the best of the
authors” knowledge, it is often a missing point in the studies available in literature.

2. Proposed Methodology

In this section, we describes the proposed strategy for data-driven predictive maintenance. Every
industrial machinery has a different number of sensors installed on it. The aim of sensors is to monitor
the health status of the main components continuously. These components are all the parts that are
more sensitive to failure or that are necessary for the good working of the whole machinery. Taking
the oil circuits of a marine Diesel engine as an example, filtering the impurity is important. Both a not
optimal filtering operation and an excessive clogging can cause unhealthy engine working conditions.
Its consequence is the reduction of the engine life and, in catastrophic situations, it can be dangerous
for the ship crew and passengers. So, the oil filter is a critical component and the associated pressure
drop must be measured by sensors to detect clogging. Similar considerations can be made for other
components.

Assuming that m is the number of sensors, let us indicates as [x1, X2, ..., X all the monitored
variables. Then, [uy, uy, ..., ug] are faulty-independent variables chosen as input to the ML algorithms.
It means that the algorithms will be trained to provide prediction of [£1, £, ..., £] by processing the
employed inputs. The prediction will not be affected from faults. They will be then compared to the
real values from the asset, allowing the technicians to take decisions regarding the maintenance plan.

The next step is to apply different ML algorithms to the m variables. For each variable, the
algorithm with the lowest Mean Squared Error (MSE) between predictions and data is chosen. The
MSE equation is shown in Equation (1).

n

1 .
MSE = — 3 (vi = 9:)° ey
i=1
Finally, the algorithm which presents the lowest MSE for the major number of times is chosen
for the overall prediction. The procedure is summarized in Figure 1. Note that the x; variables, for
j =1,...,,m, are standardized by the Z-score method to yield Xzj, with j =1, ..., m, as shown in Equation

).

x;=(x—u)/o (2)

In the matrix shown in Figure 1, each row is associated to a different algorithm, while each column
is associated to a monitored variable. For each column, the lowest MSE is determined (i.e. i; with
j =1,.., m indicates such minimum) and the algorithm producing the highest number of minimum
MSE values is selected. Finally, is remarked that all algorithms are compared with the same dataset
used for training, validation and test.

Xz, %2, %2, 2z, | » [

msell mselm

] » [msell 1r == msetmm]

Figure 1. Proposed procedure
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The following algorithms have been considered for the benchmark after a careful analysis of the
literature:

1. an Artificial Neural Network (ANN).

2. an Ensemble Neural Network (ENN) which provides an arithmetical mean of the outputs from
the single neural networks.

3. an ENN with the output providing the weighted mean of outputs from single neural networks.

4. aRandom Forest (RF).

2.1. Artificial Neural Network and Ensemble Neural Network

ANN is a ML algorithm that consists of different interconnected hidden layers, where neurons
process the data to produce an output (Figure 2). The output can be a regression or a classification.
More details are in [35].

Hidden Layer 1 Hidden Layer 2

Outputs

Figure 2. Structure of Artificial Neural Networks

The algorithm is described by the following equations:

y-f(iwixﬁb), ©)
i=1

_ 1
T 14X’

f(x) (4)

hj =f (; wijx; + bj) , ()

vk=1f < wikhj + bk) , (6)
=1

j
Awjie = 16ihj, 7)

where (3) is the equation for computing the output of the neural unit, w; are the weights, b is the bias
and x; are the inputs. More in details, w;; is the weight associated to the i — th neuron input x; and
the j — th neuron output h;; bj is the bias of j — th neuron; by is the bias of the k — th output; wy is
the weight associated to the j — th hidden layer input and the k — th output neuron. The (4) is the
sigmoid function, the activation function used in the current study. The (5) and (6) are the equations
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of the feedforward operations for the hidden layer and the output layer, respectively. They describe
the propagation of data for computing the output. Here, h; is the neuron output of the j — th hidden
layer; v is the k — th neuron output. Equation (7) describes the backpropagation, namely the error
computation for updating the weights: 7 is the learning rate and Jy the error between the network
output and real data.

The ENN output is obtained by combining the outputs of several ANNs. Authors propose two
different ENNs: the first one generates an output by arithmetically averaging the single neural network
outputs; the second one by computing the output as weighted mean of the single neural network
outputs. The weights are assigned on the basis of the error made by the single ANN. The ANN with
the smallest error has the biggest weight. More details about the procedure are given in Section 4.

2.2. Random Forest

A RF is developed with the same regression purpose. A RF consists of a combination of decision
trees [30]. For example, Figure 3 shows a RF composed of three trees. The base of the decision process
of the singular decision tree is the Gini index, namely the evaluation of the probability that a sample
belongs to a that class:

C
G(t)y=1-Y pi, (8)
i=1

where C is the total number of the classes. Moreover, the entropy, namely the "measurement” of the
disorder of a node, is evaluated as follows:

c
H(t) = — Z{ pilog(pi), )

1=

For a regression problem, called B the total number of trees that compose the forest, the output is
evaluated with the following equation:
1

<
|

B
Y 0 (10)
b=1

11
i

| |

Figure 3. Structure of a Random Forest

1 n
1 0
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3. Case Study

An engine model has been developed by using the software GT-Suite®, developed by Gamma
Technologies (see https:/ /www.gtisoft.com/gt-suite/). This software implements the conservation
laws of mass, energy, and momentum for predicting the engine performance [27]:

dp  0v

dpe  dpvh
o Tax 0 (12)

dpv dox  dp

where p is the density, v the fluid velocity, x the longitudinal dimension of the flow,  the enthalpy,
and e the internal energy. All the equations are taken into account in each component of the
engine, such as the turbine and compressor, air-cooling system, cylinders and valves. The validity
of the results by this software is testified by the amount of technical publications available at
https:/ /www.gtisoft.com/gt-suite/publications/. The developed model regards a typical big-size
Diesel engine, with three different supercharged systems and sixteen cylinders.

We have chosen the oil filter as the first element to apply the ML algorithms. Figure 4 shows the
simplified circuit with the employed sensors: PT is a pressure sensor and TT a temperature sensor.
The dashed signal in Figure 4 changes the volumetric flow at the pump inlet. Then, on the basis of the
achieved pressure, measured by PTj, the pump increases or decreases its rotational speed that affects
the pressure drop PTj, — PTy,. The Brake-Specific Fuel Consumption may increase because the pump
is engaged on the main engine, then a higher energy is required to compensate a higher pressure drop.
To conclude, a higher filter clogging determines a higher consumption and worse engine operation.

PT,
P

Pump Oi1l Filter

>

v
.
L]

Figure 4. Oil filter circuit

Since the pressure drop is a quadratic function of the volumetric flow rate, both a nominal and an
excessive clogging are simulated by multiplying the function by a coefficient a; € [1,5], as shown in
Figure 5 and explained in [27].

Simulation by GT-Suite® highlighted that the maximum pressure drop for a r=4.0isequal to
1.94 bar. Since the sensor warning starts for a pressure drop equal to 2.0 bar, the last a¢-value for which

d0i:10.20944/preprints202407.0941.v1
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the clogging is considered nominal is a = 3.7, for which the maximum pressure drop is 1.7 bar. In this
way, we keep a certain distance from the condition of excessive clogging.

10

9

B [8,] [«a} ~ =]

pressure drop [bar]

w

0 50 100 150 200 250 300 350 400 450

Volumetric Flow Rate [L/min]

—e—af=14 —e—af=19 —e—af=28 af=3.3 —e—af=46 —e—af=48

Figure 5. Simulation of excessive filter clogging
4. Simulation Results

The developed ANN has the characteristics reported in Table 1.

Table 1. Specifications of the Artificial Neural Network

Inputs PT;/TT; and pump rotational speed
Outputs Oil filter pressure drop
No. of hidden layers 2
No. of neurons 24 (1st hidden layer) & 12 (2nd hidden layer)
Training algorithm Levenberg-Marquardt

The results shown in Figure 6 and Figure 7 are obtained by using the pressure given by PT; (see
Figure 4) and the pump rotational speed as inputs. It can be seen that the trained ANN is able to predict
the expected value of the pressure. Equivalent results have been obtained for other combinations of
inputs (e.g. using the temperature given by TT7).

2 .
’,o
= 15) -
S o
9 1 .’,D’
-
2 05 el
o
D_ ,’,0
o) O B '.o’
Q ’,,'
8 ‘0 5 [ ,".
< el
w1 wd
e
_1.5 L 1 L L L J
-1.5 -1 -0.5 0 0.5 1 1.5 2

Predicted Pressure [bar]
Figure 6. Results by the Artificial Neural Network for PTj,
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Figure 7. Results by the Artificial Neural Network for PT,,,

Since the outputs are the pressures by PT;, and PT,,, two different Random Forests were trained
because a single one gives an output only. The parameters were tuned in MATLAB® by using the
maximum number of splits in the tree (MaxNumSplit) and the minimum number of observations
required to create a node (MinLeafSize). The different combinations of parameters are compared based
on the MSE, and then the best one is chosen. Table 2 reports the specifications for the RF making the
PT,, prediction, and Figure 8 shows the results.

Table 2. Specifications of the Random Forest for PT,,

Inputs PTj and pump rotational speed
Output PToy
Number of trees 91
MinLeafSize 1
MaxNumSplit 92
15 e
— x"/
@ 1r = i
_Q S#
n 7
?} 0.5 JPtas 1
@ /’,l‘
E Or ,I’/ |
3
5051 i q
8 /”
.e”
ﬁ -1r o 7
o
_1.5 1 1 1 L
-1.5 -1 -0.5 0 0.5 1 1.5

Predicted Pressure [bar]

Figure 8. Results by the Random Forest

Simulation was made by a computer with an Intel(R) Core(TM) i7-1065G7 CPU processor and 8.00
GB of RAM. Although the results shown in Figures 6-8 may seem similar, tuning the ANN parameters
required less time and effort than RF. Moreover, one ANN can provide two different outputs, unlike an
RF. For this reason, implementing two different RF could require a higher computational cost. Finally,
the MSE is lower with ANN. See Table 3 for a comparison.
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Table 3. Comparison between ANN and RF

Performance ANN RF
MSE 62 x107°  3.03x 1073 (PT;,) and 7.2 x 1075 (PTyy,)
Computation time 12s 105s

After comparing ANN and RF, two different ENNs were developed. A first one was obtained
by training three different ANNSs and the final output was the arithmetical mean of the three ANNs
outputs. A second ENN was obtained by training three different ANNs and the final output was
calculated as the weighted arithmetic mean. The weights were assigned based on the MSE of each
ANN during the training. Table 4 shows the characteristics of the ENNS.

Table 4. Specifications of the Ensemble Neural Networks

Inputs PT; and pump rotational speed
Outputs Oil filter pressure drop
No. of Neural Networks 3
Output Logic arithmetic mean and weighted mean
Weight Value 1.0 and 0.70

The results showed that:

U a not well-trained ENN gives better results than a not well-trained ANN;

. an ENN shows a smaller error for a higher number of observations than ANN, even with a lower
number of training epochs (i.e., comparing an ENN trained on 25 epochs and an ANN trained on
50 epochs, the first has a smaller error for the 65% of the observations).

Table 5 shows the performance by the two ENNs and Figure 9 shows simulation results by the
ENN.

Table 5. Results by the Ensemble Neural Networks

Performance Arith. mean ENN  Weight. mean ENN

MSE 2.32x107° 293 x10°°
Computation time 46s 24s
& 1
Q o
o Pl
S 0.5 e
7] i
£ O o
8 o
L.05;
(O] s
(B -
Ll>j -1 - ’é;// P -
_1 '5 & 1 1 1 1 1 J
-1.5 -1 -0.5 0 0.5 1 1.5

Predicted Pressure [bar]

Figure 9. Results by weighted ENN on input pressure sensor
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The main conclusion arising from the comparison between the ANN and ENN is that the higher
computational cost of ENN is motivated by easy tuning and a higher accuracy. This is because multiple
ANNEs, that is ENN, allow us to overcome the weakness of the individual regressors. For this reason,
ENNSs can be applied to monitor components or evaluate physical quantities that are crucial for the
engine, when faults can impair the operation.

Finally, for each ML algorithm, an aggregate and simple performance index | can weight the
values of MSE and computation time T by the formula:

_ MSEbest/MSE + Tbest/T

] = 5 ,
where MSEj.; and Tj,g; are the best values obtained by the three algorithms. The formula yields the
following results (higher values of | indicate better performance): | = 0.52 (ANN), | = 0.07 (RF),
J = 0.63 (ENN). This gives a compact, easy-to-interpret indication of the best ML algorithm for CBM
of the oil filter.

(14)

5. Conclusions

Maintenance of Diesel engines, as many other industrial processes, is being affected by the
revolution brought by Artificial Intelligence. Then, a thorough change of its fundamental principles
and of its application is necessary. This paper follows the path highlighted by ML algorithms but
contributes to the early stage engine design, when the choice of the diagnostic algorithm is decisive
to have an effective maintenance procedure. For that reason, the authors performed a benchmarking
between four different algorithms choosing the best one based on the response time and the MSE.
Although the oil filter is chosen as case study, the approach can be easily extended and applied to
other plant components. It is remarked that the importance of choosing the best algorithm is crucial,
in fact it prevents the a plant working in faulty conditions. The engine will not operate under faulty
conditions, thus reducing the polluting emission by 3% [36].
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