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Abstract Although extensive research has been undertaken to detect faults in marine
diesel engines, significant challenges still remain such as the need for non-invasive
monitoring methods and the need to obtain rare and expensive datasets of multi-
ple faults from which machine learning algorithms can be trained upon. This pa-
per presents a method that uses non-invasive engine monitoring methods (vibration
sensors) and doesn’t require training on faulty data. Significantly, the one class clas-
sification algorithms used were tested on a very large number (12) of actual diesel
engine faults chosen by diesel engine experts and maritime engineers, which is rare
in this field. The results show that by learning on only easily obtainable healthy data
samples, all of these faults, including big end bearing wear and ’top end’ cylinder
leakage, can be detected with very minimal false positives (best balanced error rate
of 0.15%) regardless of engine load. These results were achieved on a test engine
and the method was also applied to an operational vehicle/passenger ferry engine
where it was able to detect a fault on one of the cylinders that was confirmed by
the vessel’s engineering staff. Additionally, it was also able to confirm that a sensor
fault occurred. Significantly it highlights how the ’healthiness’ of an engine can be
assessed and monitored over time, whereby any changes in this health score can be
noted and appropriate action taken during scheduled maintenance periods before a
serious fault develops.
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1 Introduction

Around 90% [1] of the world’s trade is carried by the merchant fleets of over 150
nations, totalling in number, over 50,000 [30]. The shipping industry has low mar-
gins, so operators are keen to reduce costs as much as possible and keep overheads
low. Significant research has been carried out to try to optimise various parts of the
operation, such as routing, weather and logistics, however, a key aspect is the avail-
ability of the vessel for operations. The engines are of vital importance to the vessel,
providing the means for propulsion as well as the main source of power for climate
(crew and cargo) as well as heating and lighting. Unlike the aerospace or the auto-
motive industries, the marine industry has been relatively slow to adopt offline, and
particularly online, condition monitoring technologies to manage their engines.

Given the logistics involved in cargo loading and unloading and the limited avail-
ability of harbour berths of the necessary size, it is critical that vessels are able to
leave and arrive at the scheduled time. If a vessel at sea develops a fault that requires
immediate attention, there are a number of potential costs;

• Diversion of vessel to a different port with fuel costs of around £1500 per nautical
mile

• Costs of unloading cargo at an unexpected port
• Repairs involving 7 day dry dock costs for engine overall and hull survey. Typical

costs are £750,000 in Europe
• Costs to travel to new port for cargo loading or unloading to recover the passage

plan
• Post repair port state control costs
• Increased insurance
• Fines if incident led to the blocking of a channel or led to other vessels being

delayed
• Potential removal from Port State Control ’white’ lists

Table 1 shows illustrative example repair costs for engine failure for common
problems. Even for minor engine problems, the costs and duration of repairs are
significant. One of the most visible breakdowns occurred on the cruise ship Car-
nival Splendour on 8th November 2010. Number five diesel generator suffered a
mechanical fault that led to the discharge of engine lubricants and fuel. The result-
ing fire disabled all main engines and meant that the vessel had to be towed into
San Diego with air conditioning and refrigeration systems disabled. The total cost
of this incident, including full compensation for stranded passengers and the loss of
earnings from the cancellation of 11 future cruises reached £39 million.

Methods such as thermography [2], tribology [38], monitoring acoustic emis-
sions, visual inspection and cylinder pressure analysis have been used for engine
monitoring but one of the most common methods is vibration monitoring. This is
because an engine consists of many rotating and reciprocating parts that are often
visible in a vibration signal. Additionally, it is non-intrusive, which is a significant
advantage over cylinder pressure analysis. Hand held vibration units are often de-
ployed and an engineer may test key engine components once a month to look for
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Table 1: Illustrative example costs of engine failure

Action Costs (GBP) Duration

Replacement of piston and piston liner £100,000 2 days in water
Replacement of crankshaft £500,000 10 days in dry dock
Replacement of crankshaft and 6 cylinder
engine

£1,000,000 12 weeks in dry dock

Annealing of crankshaft and machine on
site

£150,000 10 days in dry dock

Replacement of turbocharger £150,000 2 days in water
Replacement of fans £15,000 1 day in water
Replacement of gearbox £230,000 (£360,000) 3 days in water (in dry dock)

excess vibration. The disadvantage with this approach is that it only captures a brief
snapshot of the engine behaviour and fault indicators may be missed. Online vi-
bration monitoring allows for 24/7 data capture. Sensor technology, communication
methods, processing power and cheap data storage all permit sensor data to be cap-
tured at a rapid rate but the key challenge remains in terms of how to analyse it.
Marine engineers are in short supply and so it can be difficult to manually analyse
the data collected, particularly to establish trend analyses.

2 Background

In this section, the available literature for diesel engine condition monitoring is as-
sessed. One common approach is oil and lubrication analysis [6]. Oil comes into
contact with the majority of key engine components and so an analysis of its com-
ponents can provide an indication as to which components are experiencing degra-
dation. Typical methods included ferrography and spectrography.

Cylinder pressure analysis [35, 13] has been used successfully to detect faults on
marine diesel engines. Pressure sensors can be fitted to each cylinder to identify the
peak pressure and also the crank angle at which it occurs at. It can provide direct
insight into the combustion process as the firing point and angle can be detected,
which directly relates to the efficiency of the engine. A disadvantage of this ap-
proach is that it is invasive and the sensors themselves are unreliable in the hostile
environment of a cylinder head, especially when continuous condition monitoring
is desired.

Instantaneous angular speed (IAS) monitoring [22, 39] has been used to deduce
information about cylinder pressure and performance as there is a detectable fly-
wheel speed increase when the cylinder fires and a decrease when it compresses.
Statistical methods have been employed to extract features from the measured speed.
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Acoustic emissions [37, 11] are another popular method but challenging to im-
plement as it requires highly specialised sensors and substantial signal processing.
Additionally, the signals themselves are typically weaker than vibration signals.

Exhaust gas monitoring [9, 19, 3] has been used to detect faults though physical
measurements of the emitted particles, or from a chemical analysis of the contents
of the exhaust gases.

One of the most common approaches to diesel engine fault detection is vibration
monitoring [26, 14]. This is achieved through the analysis of vibration signals to un-
derstand the condition of the engine. It is a popular approach because the vibrations
of the engine are theoretically well understood and different engine states result in
changes to the vibration signals that can be detected, particularly in terms of the
firing sequence. Typical methods for vibration analysis include ...

• Time Domain Features - these include statistical measures such as root mean
square (RMS), crest factor and kurtosis.

• Frequency Analysis - methods include fast fourier transforms, spectrum analysis,
envelope analysis and cepstrum analysis

• Time-Frequency Analysis - methods include Wigner-Ville distribution analysis,
wavelets and wavelet packet transforms

Liu et al [23] used the Wigner-Ville distribution to analyze vibration signals on a
6 cylinder diesel engine with 5 faults with a total recognition rate of 95%, highlight-
ing the capabilities of time-frequency methods. However, the proposed approach
did need to be trained on fault examples before being able to recognize them. Jin et
al [15] compares all three of the list methods above and found that a combination of
them offered 100% total recognition rate, although just three faults were considered
and load was kept constant. Zeng et al [40] uses multiple vibration sensors on a test
engine and shows that detection performance is better collectively over individual
sensors. They use the one class classification method ’Support Vector Data Descrip-
tion’, originally developed by Tax [32], though in a multi-class classification role to
classify known faults as opposed to a one class classification scenario in which fault
types are unknown. The disadvantage of this approach is that it requires accurate
samples of known faults for training, which are expensive to obtain.

Delvecchio et al [10] provide a comprehensive of vibration and acoustic re-
lated monitoring of internal combustion engines. The paper highlights that the dis-
crete wavelet transform has been very valuable in extracting fault signs during the
processing of vibration signal and this paper seeks to advance the application of
wavelets in this area by applying wavelet packet transforms (WPT). WPT has ad-
vantages over the discrete wavelet transform as it has better resolution in the higher
as well as lower frequencies. It has also successfully been used in other applica-
tions such as fault detection of induction motors requires analysis of non-stationary
signals [17].

One class classification techniques are ideally suited to condition based main-
tenance but there are clear challenges in applying them as only one well sampled
class is available for learning. Khan and Madden [16] and Tax [31] present a detailed
review of these techniques. Wei et al. [36] use a kernel regression based anomaly
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Fig. 1: View of the Test Engine Laboratory

detection method to detect faults on low speed diesel engines. The method success-
fully detects an anomaly but it is not tested on common engine problems such as
fuel starvation, air filter blockages, worn piston skirts etc. Kondo et al. [18] look at
anomaly detection using vibration sensors on railway traction machines. Although
faults were simulated, the method reported a high AUC. Wang et al. [34] used the
support vector data description on roller bearings with strong results. Lazakis et al.
[20] used anomaly detection methods to achieve good results on marine engine data
points such as exhaust temperatures and fuel inlet temperatures. Li et al. [21] used
anomaly detection successfully on vibration data, highlighting its application for
electro-mechanical systems.

Tax divides one class classification algorithms in three types; density based meth-
ods, distance based methods and reconstruction based methods.

It is clear that a key challenge in diesel engine monitoring lies in the development
of a practical system for accurate fault detection but with minimal false positives.
Data for all types of faults is highly unlikely to be obtainable so this paper aims to
fill this much needed gap and show how engine faults can be detected using only
healthy samples.

3 Design of the Test Engine Facility

The key factor in choosing a suitable test engine for the facility was the size, par-
ticularly as marine engines can be very large and occupy large amounts of space.
The engine selected was a refurbished 3 cylinder Kubota D905 engine that used to
provide lighting for motorway maintenance teams in the UK. The engine RPM was
between 1550 and 1650 RPM and had a maximum load of 6kW, of which incre-
ments of 0.5kW could be simulated using storage heaters.
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Fig. 2: View of the left side of the engine with attached sensors

Figure 1 shows the test engine laboratory with the engine and attached genera-
tor, all supported on a metal frame on a concrete floor, designed to remove excess
vibration. The Prosig data collection unit is attached to the wall and the magnetic
accelerometers are attached to this unit via armoured cables.

The accelerometers chosen were the Monitran MTN/1100SC constant current ac-
celerometers. Data was collected using the Prosig 9200 data acquisition unit, which
has 16 channels, 24-bit ADC and a sampling rate of up to 32 kHz (when using just
6 channels). Six magnetic accelerometers were attached to the engine (see figures 2
and 3), with two sensors on each of the x, y and z axes. A top dead center sensor was
placed on the fly wheel so that the number of rotations could accurately be recorded.

Figure 2 shows the sensors that are attached to the left side of the engine relative
to the view of the engine in figure 1

Figure 3 shows the sensors that are attached to the right side of the engine relative
to the view of the engine in figure 1.

The advantage of having a custom test facility was that a wide variety of faults
could be imposed on the engine. After consultation with diesel experts and marine
engineers, a wide range of faults to simulate were selected and can be found in table
2. Throughout this paper, for ease of reference, faults are referred to by their fault
code.

4 Feature Selection

When constructing classifiers, particularly one class classifiers where data from one
class is usually non-existent, it is important to select appropriate features for learn-
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Fig. 3: View of the right side of the engine with attached sensors

Table 2: List of engine states simulated

Fault Code Description Fault Simulated

F0.0 Baseline mapping Normal operation
F1.1 Loose engine mount (front right) Loose engine mounts
F1.2 Loose engine mount (front left) Loose engine mounts
F1.3 Loose engine mount (front both) Loose engine mounts
F2.1 Leaking exhaust valve cyl. 3 ’Top end’ cylinder leakage
F2.2 Inlet tappet valve clearance cyl. 3 Push rod wear
F3.1 Fuel starvation cyl. 3 No fuel flow/incomplete combustion
F4.1 Big end bearing slack cyl. 3 Big end bearing wear
F5.1 Piston ring gap increase Worn piston rings (blow by)
F6.1 Worn piston skirt on anti/thrust faces Bore wear
F7.1 Air filter blockage (45% total area) Air filter clogging
F7.2 Air filter blockage (90% total area) Air filter clogging
F8.1 Top ring-land increase gap Top ring-land wear (ring twist/ring flutter)

ing. Vibration signals can be analysed using a variety of methods such as (short)
fast fourier transforms (FFT), cepstrum analysis and wavelet analysis. For constant
speed applications, where frequencies do not vary over time, FFT is particularly
suited to extracting fault signs. However, for marine engines, which have varying
speed profiles, particularly in rough seas, wavelet analysis is particularly suitable.
For this application, wavelet packet transforms were selected due to their ability to
extract useful information at high as well as low frequencies.

Wavelets [24, 27] are a powerful tool for analysing stationary and non-stationary
transient signals. They feature the dilation property which allows them to adjust the
width of the frequency band and the location of its central frequency so they can
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automatically focus on the positions of high and low frequency changes. Gaeid et
al. [12] provides a good review of wavelets and their useful applicability to fault
detection.

For any signal x(t) ∈ L2 (R) where R is the set of real numbers and t is time, the
continuous wavelet transform is given by the convolution of the signal with a scaled
conjugated wavelet W (α,β ) where * denotes the complex conjugate; namely

W (α,β ) = α−1/2
∫ ∞

−∞
x(t)ψ∗

(
t −β

α

)
dt. (1)

The term W (α,β ) indicates how similar the wavelet and signal are through the
scale (or pseudo frequency) parameter α and time shift parameter β . It shows that
wavelets are a time-frequency analysis tool. To chose the scale and time shift pa-
rameters, it is noted that only dyadic scales can be used without information loss,
leading to the discrete wavelet transform, given by

ψm,n (t) = 2−
m/2ψ

(
2−mt −n

)
(2)

where α = 2m and β = n2m. These discrete wavelets also form an orthonormal
basis. Wavelet analysis can then be performed via a low-pass filter h(n) relating to
the scaling function φ(t) and a high-pass wavelet filter g(n) that is related to the
wavelet function ψ(t):

h(n) = 2−
1/2 ⟨φ(t),φ(2t −n)⟩ (3)

g(n) = 2−
1/2 ⟨ϕ(t),ϕ(2t −n)⟩ . (4)

In decomposition of the signal x(t) (see figure 4), the application of the low
and high pass filters leads to two vectors cA1 (approximation coefficients) and cD1
(detail coefficients). In wavelet transform decomposition, this step is repeated on the
approximation vector to achieve the required depth of decomposition. The symbol
↓ 2 denotes down-sampling (omitting the odd indexed elements of the filter).

Fig. 4: Wavelet Decomposition to depth 3

In the reconstruction step, low and high-pass reconstruction filters are convolved
with cA1 and cD1 respectively, resulting in A1

1 (approximation signal) and D1
1 (de-



One Class Classification based Anomaly Detection for Marine Engines 9

tail signal). This is possible because x = A1
1 +D1

1. Furthermore, these reconstruc-
tion signals satisfy

A1
j−1 = A1

j +D1
j (5)

x = A1
j +∑

i6 j
D1

i. (6)

for positive integers i and j. If T is the sampling rate and Nt is the length of
x(t) then each vector A j contains roughly Nt

/
2 j data points. The jth decomposition

provides information about a frequency band
[
0,T
/

2 j+1
]
.

Wavelet packet transforms [27] are a generalisation of the wavelet transform.
Define two functions

W0(t) = φ(t) (7)

W1(t) = ψ(t). (8)

where φ(t) is the scaling function and ψ(t) is the wavelet function. In the or-
thogonal case, for m = 0,1,2, ...,, functions Wm(t) are obtained by

W2m(t) = 2
2N−1

∑
n=0

h(n)Wm(2t −n) (9)

W2m+1(t) = 2
2N−1

∑
n=0

g(n)Wm(2t −n) (10)

Wj,m,n(t) = 2−
j/2Wm(2− jt −n). (11)

Fig. 5: Wavelet Decomposition to depth 3
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where j is a scale parameter and n is a time localisation parameter. The functions
Wj,m,n are called wavelet packet atoms.

The difference between this method and wavelet transforms is that both the de-
tails and the approximations are further decomposed, thus giving a wavelet packet
tree (see figure 5). Each decomposition contains a set of nodes, indexed by positive
integers (i, j) where j is the node depth and i is the node position at that depth for
i = 0,1, ...,2 j −1.

The signal energy for sub-signal node

B j
i (i = 0,1, ...,2 j −1)

(i.e. the approximation and detail) at depth j is given by

Ei =

100
M
∑

k=1

∣∣∣B j
i (k)

∣∣∣2
2 j−1
∑

i=0

(
M
∑

k=1

∣∣∣B j
i (k)

∣∣∣2) (12)

where the numerator is the energy for a given node, the denominator is the energy
of the whole signal and M is the number of sampling points.

5 One Class Classification Methods

One class classifiers are designed for classification problems where data for one of
the classes is either non-existent or poorly sampled compared to the other class.
For many industrial applications, particularly for fault or novelty detection prob-
lems, this condition is often true. Traditional two class or multi-class classification
algorithms will struggle to achieve high accuracy because of the large class imbal-
ance between healthy and faulty samples. Therefore, even though in this paper the
fault class is well sampled with examples of each fault type, one class classification
algorithms have been chosen because of their applicability to real world situations.

There are three broad types of one class classification methods [31]; density
methods, boundary methods and reconstruction methods. Density methods focus
on estimating the density of the training set, often by making assumptions regarding
the density model (e.g. gaussian or poisson). Boundary methods focus on estimat-
ing a boundary (based on distance) between the healthy class and the faulty class.
This method can have advantages over density based methods if the amount of data
is insufficient to accurately estimate the density of the healthy class. It also has the
additional advantage that the distance metric can be used as an estimate of severity.
Reconstruction methods make assumptions about how the data has been generated
and then they select a model to fit the data.

In this paper, one method from each of these three broad method types was se-
lected. The density method selected was the parzen windows, the boundary method
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selected was the one class Support Vector Machine and the reconstruction method
selected was k-means.

5.1 Parzen Windows Density Estimation

This method is an extension on the mixture of Gaussians model. The density esti-
mated is a mixture of usually Gaussian kernels centered on the individual training
objects with (often) diagonal covariance matrices ∑i = hI. It takes the form

pp(x) =
1
N ∑

i
pN(x;xi,hI). (13)

The equal width h in each feature direction means that the Parzen density estima-
tor [25] assumes equally weighted features and so will be sensitive to scaling. The
free parameter h is optimized using the maximum likelihood solution. Since there is
just one parameter, the data model is very weak and so success depends entirely on
a representative training set. The training time is very small but the testing time is
rather expensive, especially with large feature sets in high dimensional spaces. This
is because all the training objects have to be stored and during testing, distances to
all the training objects must be computed and then sorted.

5.2 Support Vector Novelty Detection

One Class Support Vector Machine (OCSVM) [29, 28] is a useful novelty detection
method based on the support vector machine [5].

Consider ’normal’ training data x1,x2, ...,xl ∈Rn. Let ϕ be the mapping ϕ : R→
F into some feature dot product space F . Let k(x,y) = (ϕ(x),ϕ(y)) be a positive
definite kernel which operates on the mapping ϕ . In this paper, the kernel used
is the Gaussian kernel, k(x,y) = exp

(
−∥x− y∥2 /2σ2

)
, as it suppresses growing

distances in larger feature spaces. Here, σ is the width parameter associated with the
Gaussian kernel. The data is mapped into the feature space via the kernel function
and is separated from the origin with maximum margin. The decision function is
found by minimising the weighted sum of the support vector regulariser and the
empirical error term depending on a margin variable ρ and individual error terms
ξi,

min
w∈F,ξ∈Rl ,ρ∈R

1
2 ∥w∥2 + 1

ν l

l
∑

i=1
ξi −ρ,

subject to (w ·ϕ(xi))≥ ρ −ξi,
ξi ≥ 0,

(14)
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where w is a weight vector in F and v is the fraction of the training set to be
regarded as outliers. Using Lagrangian multipliers, αi,βi ≥ 0, with constraints and
setting the derivatives of those multipliers with respect to w equal to zero leads to

w =
l

∑
i=1

αiϕ(xi), (15)

l

∑
i=1

αi = 1, (16)

αi +βi =
1
ν l

. (17)

The dual problem is formulated to give

min
α∈Rl

l
∑

i, j=1
αiα jk(xi,x j),

subject to
l
∑

i=1
αi = 1,

0 ≤ αi ≤ 1
ν l .

(18)

Solutions for the dual problem yield parameters w0,ρ0 where

w0 =
Ns

∑
i=1

αiϕ(si), (19)

ρ0 =
1
Ns

Ns

∑
j=1

Ns

∑
i=1

αik(si,x). (20)

Here, Ns is the number of support vectors and si denotes a support vector. The deci-
sion function is given by

f (x) = sgn(w ·ϕ(x)−ρ0) (21)

= sgn

(
Ns

∑
i=1

αik(si,x)−ρ0

)
. (22)

The ’abnormality’ detection function is then given by

g(x) = ρ0 −
Ns

∑
i=1

αik(si,x). (23)

The user has to choose the appropriate kernel, with its associated parameters, for
the problem. However, rather than choosing an error penalty C as via the classical
SVM method, one chooses a value for ν which is the fraction of the training set to
be classified as outliers. The software used for this classifier is LIBSVM for Matlab
version 3.21 [7].
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5.3 K-Means

K-Means clustering is a data reconstruction method [4]. It assumes the data is clus-
tered and that it can be characterized by a few prototype vectors denoted by µk.
Euclidean distance is used to measure the distance between target objects and the
prototypes. The placing of the prototypes is done by optimizing the following error

εk−m = ∑
i

(
min

k
∥xi −µk∥2

)
. A key advantage of the K-Means algorithm is that all

the distances to the prototypes are averaged, making the method more robust against
remote outliers. The implementation used is that which is found in dd tools [33].

6 Case Studies - Method and Results

In this section, two sets of experiments are presented. The first tests the one class
classification algorithms on vibration data obtained from the 3 cylinder land based
test engine (see figure 1). The second tests the approach on an operational 8 cylinder
ferry engine to further demonstrate its applicability to real world working environ-
ments. The aim of these experiments was to explore the capabilities of one class
novelty detection methods to accurately detect faults imposed on the engine. In par-
ticular, it was to test whether accurate fault detection could take place with minimal
false positives, whilst training the algorithms on healthy data only.

For these case studies Matlab 2017a was used as the development environment.
The implementation used for the one class Parzen Windows and the Kmeans algo-
rithms is found in dd tools [33]. The implementation of the one class SVM is found
in LIBSVM for Matlab version 3.21 [7].

6.1 Error Metric

One class classification methods are designed for use when there is a large imbal-
ance between the healthy and faulty classes and as such, traditional metrics such as
classification accuracy are not suitable. One of the most commonly used metrics is
the Balanced Error Rate (BER). For a dataset with H healthy samples and F un-
healthy samples, for a one class classifier, let the number of false positives be given
by FP and the number of false negatives be given by FN. Then the BER is defined
as;

BER =
1
2

(
FP
H

+
FN
F

)
. (24)

A BER of 50% is equivalent to chance and a BER of 0% is a perfect result so
strong classifiers will have a small BER.
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6.2 Case Study 1 - Test Engine

The authors had full access to the test engine and as such, were able to acquire a
comprehensive amount of data across all the engine states listed in table 2. For the
following engine states (0kW - No Load, 3kW - Half Load, 6kW - Full Load), 3
sets of 60 seconds worth of vibration data was captured (sampled at 2.4kHz). The
method employed was as follows:

• For all data collected, using a Hamming window of length 1000 with a 50%
overlap, extract the signal energies using wavelet packet transforms at depths 5
to 9 using the Db5 wavelet.

• For fault codes F1-8 (i.e. the faulty data), this data forms the faulty test set
• For the baseline data (fault code 0), this data is used to form the healthy training

and testing data sets. The training set is created by taking at random 2 out of the
3 sets for each load. The healthy testing set consists of the remaining set from
each load.

• Perform 5 fold cross validation on the training set using a grid search on the
training parameters listed in table 3.

• Test the models using the healthy and faulty testing sets

Table 3: List of algorithm parameters and their ranges

Parameter Values Methods

Fraction of Training Set to be
Rejected (ν)

0.01, 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.5 All

SVM Kernel Width 0.01, 0.1, 1 OSCVM
Length of Parzen hypercube
(h)

0.5, 1, 5, 10, 15 Parzen Windows

Number of Cluster Centers 1, 2, 3,
. . ., 18, 19, 20 K-Means

6.2.1 Test Engine Results

In this section, the results of classification across all one class learning methods are
compared. Table 4 shows the mean and standard deviation of the best classification
across the 5-fold cross validation for all 3 methods at all wavelet decomposition
depths. It shows clearly that despite only being trained on healthy data, the one
class classifiers have successfully detected faults of 12 different types with minimal
false positives.

Each classifier was able to accurately detect all the faults, regardless of load, with
a maximum of 4.54% error on the healthy test over all classifiers. Figure 6 shows
the health score plot for the K-Means and OSCVM classifiers for each of the engine
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Table 4: Best Mean (Std) Classification Results for all Methods for all Wavelet
Depths

Wavelet Depth Parzen Mean (Std) % BER K-Means Mean (Std) %
BER

OCSVM Mean (Std)
% BER

5 0.84 (0.07) 0.14(0.05) 2.02 (0.27)
6 0.71 (0.08) 0.15(0.04) 1.84 (0.28)
7 1.31 (0.10) 0.50(0.30) 1.97 (0.15)
8 0.88 (0.08) 0.47(0.18) 1.53 (0.17)
9 2.27 (0.29) 0.56(0.23) 1.45 (0.01)

Fig. 6: Health Score Plot Kmeans and OCSVM Classifier

Fig. 7: Health Score Plot Parzen Windows

states listed in table 2. Nearly all of the healthy data (fault code F0.0) samples have
a positive score, whilst all the faulty samples have clearly negative health scores.
Differences with the scores for individual engine states are often attributable to load
variations. Significantly, the results show that one class classifiers trained on healthy
data containing different engine loads are able to accurately detect faults on engines
operating at different loads. Figure 7 shows the health score output for the Parzen
Windows classifier. Whilst it is accurate in terms identifying the differences between
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healthy and faulty samples, the flatness of the health score for fault states gives no
information about fault severity.

6.2.2 Key Frequencies

The low BER values highlights that the choice of features were able to provide
sufficiently good discrimination to determine the differences between the healthy
and faulty samples. Table 5 shows the key fault frequency indicators for sensor 6.
These were chosen by taking the top two frequencies with the highest F-score [8]
across all loads. The cylinder firing frequency for this engine is approximately 40Hz
and for several faults, the 0.5 (21Hz) or 1.5 (60Hz) harmonics of this frequency are
prominent, which is consistent with the engine architecture.

Table 5: Key fault indicator frequencies for each fault type

Fault Code Key Frequencies [Hz]

F1.1 1153, 1188
F1.2 59, 525
F1.3 35, 525
F2.1 21, 59
F2.2 482, 525
F3.1 117, 513
F4.1 21, 59
F5.1 59, 525
F6.1 59, 513
F7.1 513, 525
F7.2 155, 455
F8.1 21, 59

6.3 Case Study 2 - Ferry Engine

The algorithms are deployed on an engine on a passenger and vehicle ferry that
travels over 45,000 miles per annum on regular sailings. The engine in question is
a Stork-Wartsila 8FHD 240G, capable of developing 1360Kw at 750RPM. It is a
turbo charged and intercooled 8 cylinder 4 stroke diesel engine. The engine itself
was fitted with the same Monitran MTN/1100SC constant current accelerometers
where one such sensor was placed on each of the 8 cylinder heads (see figure 8).
Vibration data, sampled at 2.4kHz, was collected from each sensor 24/7 during the
period 13th February 2016 to 8th November 2016. Data collection was occasionally
not continuous due to scheduled engine maintenance, data acquisition unit failure,
bad weather or national holidays.
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As a point of interest, to give some indication of the size comparison, this ferry
engine produces a power output that is over 200,000 times greater than that of the
Kubota engine. Based on the results of the Kubota engine, the one class SVM algo-
rithm was selected. The Parzen Windows classifier was rejected because its output
was mostly flat and it offered little ability to indicate severity. Although the Kmeans
classifier offered the best performance on the test engine, its performance varied
significantly depending on the choice of k. Given the difficulty in determining the
value of k, the one class SVM was used to compute the health score for this engine.

Fig. 8: Monitran magnetic vibration sensor attached to cylinder head

6.3.1 Ferry Results

Figure 9 shows the normal operation of the boat in terms of engine speed and
demonstrates how the vessel goes back and forth between two ports at set engine
speeds. When the vessel is in port, the engine operates at idle speed and when the
vessel is sailing between ports, the engine can operate at either intermediate or full
speed.

The analysis of the ferry data posed a different challenge as, unlike the test en-
gine, there was no neatly labelled healthy or faulty data sets. However, the ferry en-
gine had received significant maintenance during January and early February 2016,
before returning to service mid February and the engineers onboard asserted that the
engine was healthy. Initially the data was unusable from cylinder 6 due to a faulty
sensor. A one class support vector machine was trained on data from each cylin-
der collected from 25th to 28th February. Figure 10 shows the health score plot for
cylinder 6 from 13th February through to 8th November. Data from the faulty sensor
on cylinder 6 (13th to 24th February) is clearly identified as abnormal (see figure 10
- left hand side), which shows that the algorithm can identify monitoring equipment
faults.
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Fig. 9: Plot of Engine Speed during normal vessel operation

Cylinder 6 started showing a gradual reduction in health score from mid March
and on 21st March, the vessel’s Chief Engineer confirmed that cylinder 6 was expe-
riencing reduced cylinder pressure, though not to the point that the vessel’s engine
could not operate. During the middle of May, the health score dropped significantly
for cylinder 6. On June 22nd, the Chief Engineer reported that the forward exhaust
temperature for cylinder 6 (see figure 11) was significantly lower than the other
cylinders. As the engine was old and due to be fully replaced during winter 2016,
the decision was made to manage the fault rather than repair it.
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Fig. 10: Health Score Plot for Ferry Engine Cylinder 6

7 Conclusions

The results show that not only can one class classification algorithms be used to
detect marine diesel engine faults but that their performance, as shown by the BER
metric, is very strong. The algorithms have successfully been able to detect a com-
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Fig. 11: Low forward exhaust temperature for Ferry Engine Cylinder 6

prehensive variety of diesel engine faults with minimal false positives. The impact
of this is significant as developers of predictive monitoring systems for diesel en-
gines no longer need to acquire expensive and hard to obtain data sets of engines in
different fault conditions over different loads to develop effective monitoring sys-
tems.

Additionally, this is one of the first papers that presents algorithms that have been
tested against a comprehensive list of diesel engine faults rather just one or two.
Furthermore, the faulty data was obtained when the engine was running at different
loads. This data set was constructive under the guidance of a mechanical engineer,
an engineering superintendent for a tug company and a senior researcher with over
30 years experience in diesel engine operation and fault analysis.

A key result of this work is that it was achieved using non-invasive monitoring
methods. With traditional methods such as cylinder pressure analysis requiring the
time consuming and costly fitting of pressure sensors and tribology requiring ex-
pensive experts and time consuming methods, our proposed method is quicker and
cheaper as magnetic vibration sensors can be fitted and attached to data acquisition
units very quickly. Furthermore, in the event of engine repair, the monitoring system
can be removed quickly and replaced rapidly, unlike a pressure sensor based system.

Furthermore, the output of the one class support vector machine can be used as
a measure for the severity/healthiness of the condition of the engine. Although this
metric has been used in other applications as a measure of severity, it is one of the
first times it has been used for marine diesel engines.

Future work will see this approach tested on larger static diesel engines as well
as engines on marine vessels such as ferries and tankers.
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