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Abstract

The Royal Netherlands Navy (RNLN), will undergo various replacement programs in the
coming 20 years. To improve on availability of the systems on-board the need for more so-
phisticated maintenance systems has arisen. With the goal of creating smart maintenance
(SM) on the ships, a method called Granger causality (GC) was proposed. The method,
originating from econometrics, aims to evaluate the causality between two parameters.
Datasets selected from archived sensor readings of the Oceangoing Patrol Vessels in the
RNLN are used for the analysis. In selected use-cases, in- and output parameters were
identified for the application of the method. Causality between in- and output parameters
could then confirmed in a normal working condition of a propulsion system. With the as-
sumption that GC is lost during malfunction a detection system was proposed and applied
on a larger dataset. Applications showed that with a performance expressed in a F1-score
ranging between 0.88 and 0.96, visually identified malfunctions could be detected. The
thesis therefore proved the feasibility of the application of GC in a naval setting.

Keywords: Predictive maintenance, Granger causality (GC), bivariate regression model,
F-test, data manipulation, fault detection, F1-scores



Chapter 1

Introduction

This chapter will provide the necessary background information on the research topic.
First, the status of the Royal Netherlands Navy (RNLN) and info on the ships will be
given. Then, the relevance of this research is pointed and linked to the greater renewal
project of the RNLN. Next, the goal of the research is stated together with sub-questions.
Finally, the organization of the report is elaborated upon.

1.1 The Royal Netherlands navy

The RNLN is expected to renew most of its current fleet in the coming 20 years [28]. A
part of this transition is the renewal of the so-called Oceangoing Patrol Vessel (OPV). By
the late 2030’s these OPV’s will be phased out in favour of a more modern model. In total
the Netherlands operates 4 of these vessels. In figure 1.1 the first of its class, HNLMS
Holland is shown. The ship was commissioned in 2012, by the end of 2013 the last of its
class, HNLMS Groningen was put to service [4].
The OPV has a wide range of tasks: Next to coastal guard duties it is also built for
anti-piracy operations, counter-narcotics operations and is also capable of granting hu-
manitarian aid where needed. Most notably the OPV have joined European anti-piracy
missions in 2015 and have aided Haiti and Sint Maarten on multiple occasions during the
aftermath of hurricanes in the area [4].

The Holland class is operated by roughly 50 crew members, has high-tech sensor equip-
ment and has received midlife upgrades in 2020. These upgrades include both soft- and
hardware changes [3]. As stated before, the upgrades will ensure the class’s availability
until the late 2030’s until it is phased out.

1.2 Motivation

The modernisation efforts of the RNLN create the opportunity to learn from the current
fleet and implement these lessons in the new ships. A part of these lessons is the aspect
of implementing Smart maintenance (SM) technologies into the next generation OPV.
SM is defined as a collection of techniques used to predict maintenance actions on board,
preferably with real-time monitoring. The ultimate goal of any of these improvements will
be the increased availability of the ships. Moreover, SM will also be able to improve safety
onboard, lighten logistical burdens and thus save costs [5]. Below in figure 1.2 the method
for achieving the SM goals is shown: In this example, data gathered from ships is analysed
and based on trend-detection warnings are given leading to maintenance actions. This
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Figure 1.1: HNLMS Holland at sea [4]

method can broadly be applied for all sensor data. Although, it should be noted that this
is an example and in reality different techniques may be used instead of trend-detection.

1.3 Involved bodies

The research has been carried out at the Commando Materieel en IT (COMMIT) in
Utrecht, as well as in collaboration with the group Data voor onderhoud (DVO) in Den
Helder.
The DVO group is run by the over-arching Directie Materiele Instandhouding (DMI). This
body, with the use of the DVO group, has set out this goal for SM.

Figure 1.2: A scheme showing the perceived goal of using data for maintenance
starting from sensor readings on the ship to eventual maintenance actions following
from Data analysis techniques (DATs) such as trend detection [5].

2
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1.4 Goal of the Research

As part of these Innovations at the RNLN this research will explore a possible use of
available data currently stored at databases. With this data, new SM techniques may be
introduced on the next generation of ships.

A recent study conducted in Canada showed the possibility of achieving accurate Condition
based maintenance (CBM) using a method called Granger causality, a method created to
prove causality between parameters [24]. As a consequence, a feasibility study will be
conducted to explore the use of this technique in the RNLN

This goal thus aims to answer the following main research question:

To what extent can Granger causality be applied on available data from current
Oceangoing patrol vessels at the Royal Netherlands Navy with the goal of implementing

smart maintenance

Five sub-questions are also defined to answer the main research question:

1. What data is currently gathered and stored on the Oceangoing patrol vessels?

2. How can possible use-cases to test these techniques be selected on the Oceangoing
patrol vessels based on their maintenance history and sensor data availability?

3. How is the Granger causality test applied in this data environment and what variables
are involved in its application?

4. What requirements have to be met in a dataset in order to successfully conduct a
Granger causality test?

5. With what performance can faults in system be detected using Granger causality?

1.5 Report organization

In chapter 2 the findings of a literature study are presented regarding relevant studies and
elaborate on the theory behind Granger causality (GC).

Then, in chapter 3 more background information will be given on the OPV which will
result in answering the first and second sub-questions with a proposal of a suitable method
for the use-case selection.

DATs found in 2 are used to formulate a method of testing the selected data in chap-
ter 4. Here sub-question three is addressed.

Using the proposed methods the application is made in chapter 5 showcasing the results.
Here sub-question four and five are answered.

The report is concluded by listing its findings, shortcomings and recommendations for
further research in chapter 6.

3



Chapter 2

Literature Study

The aim of the literature study is to acquire background knowledge to successfully research
the topic at hand. Firstly, a deeper dive into the different maintenance strategies will point
out which types of maintenance styles there are and which ones are addressed in this paper.
In addition to this, research implementing similar maintenance techniques in the same field
are discussed. Secondly, GC is discussed with its potentials and limitations. Lastly, other
techniques are discussed that could be relevant to the research.

2.1 Maintenance strategies and smart maintenance

Generally speaking there are two main philosophies when talking about maintenance [21].
There are preventive and corrective styles of maintenance. Here, corrective maintenance
means that maintenance actions are only undertaken after a failure in the system has al-
ready occurred. Basically, a run-to-failure strategy. On the other hand, there is the more
active approach, which is the preventive or Preventive maintenance (PM). Here, there are
a number of different implementations. Currently, the RNLN employs a combination of
multiple strategies depending numerous factors such as systems’ costs, availability target,
etc. As a side note, during the design phase of a system parts can also be designed out in
any way. However, this aggressive style of maintenance policy is not in scope of the research.

2.1.1 Preventive maintenance (PM)

Figure 2.1 shows the main groups of maintenance strategies. On the preventive side of
maintenance there is the Scheduled and condition-based styles. The more advanced of the
two is CBM. The styles of maintenance can be specified further. This research will focus
on a Predictive maintenance (PdM) system. Here, condition monitoring is applied with
the use of either sensors or visual inspections.

2.1.2 Condition-Based maintenance (CBM)

As the name implies, CBM has the aim of predicting maintenance actions as the target sys-
tem reaches a pre-determined condition. The overall advantage of this type of maintenance
is that availability is kept as high as possible while repair costs are kept low; repairs are
carried out before costly failures occur and parts are not prematurely replaced [21]. Figure
2.2 shows the potential ways of detection of failure. The definition of what is preventive,
predictive or reactive is not set in stone such that definitions may vary across organisations
of what they deem to be preventive or predictive [8]. Generally, increasing the complexity

4
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Rea

Figure 2.1: The main classification of maintenance strategies [27]

of DATs results in better capabilities.

Figure [27] further defines two groups within the CBM strategies: Measured CBM
strategies are based on measured sensor data. As stated, the conditions are set and main-
tenance actions are based directly on the data [27]. Calculated CBM are more advanced
using physical models based on a failure mechanism or data models based on historical
data [27].

2.1.3 Predictive maintenance (PdM)

When an failure is detected using a determined condition, the next level in maintenance
is the application of PdM. Here, an prognosis is made on the remaining time before
failure [12]. In turn, maintenance actions could be postponed or executed earlier based
on this remaining time. The prognosis can be based on analysis of earlier failure data or
maintenance history of similar products [34].

2.1.4 Smart maintenance (SM)

As stated, this research will focus on a condition-based form of maintenance with the
use of sensor data onboard similar to the early warning system highlighted in figure 2.2.
Implementing this technique will, over time, lead to SM in the RNLN. In the future, a
prognosis on systems may be added to the maintenance system as well. Finally prescriptive
maintenance techniques give the user indications of where in the system problems are
detected, and what actions are needed. This, in turn, will reduce downtime even further
[17].

5
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Figure 2.2: A P-F curve showing potential detection techniques over time from
normal operation to failure [8]

2.1.5 Applications in the maritime field

In the Netherlands Defence Academy

In a naval application exploratory research was carried out by the Nederlandse Defensie
Academie (NLDA) showing the potential benefits of CBM [19]. Sensor data is used in
combination with pre-determined thresholds to give alarms leading to maintenance ac-
tions. The example also shows how, in further research, trends could be identified enabling
even earlier detection of failures [19]. Figure 2.3 shows a clear trend leading to a sharp
increase in, in this case, registered pressure difference is a pump setup. While both the
implementation of an alarm and the detection of trends data could be considered SM, the
trend detection is much stronger as problems are detected earlier [19].

Figure 2.3: An example of CBM using an alarm [19].

6
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In commercial maritime applications

A study put forward CBM techniques applied on a seismic survey ship. The ship, used
to locate sub-sea pockets of oil and gas, was outfitted with sensors for the research [12].
With the use of DATs such as a correlation analysis and outlier detection a CBM model
was created [12]. In the paper, failure modes were stated. In one case, contamination of
oil for engine components was found to be an indicator of failure. Increased contamination
levels led to warnings. The result is very similar to the one put forward by the NLDA.

Fatigue damage monitoring is applied using a digital twin achieving PdM. A freight
ship was modeled with the aim of monitoring hull damage. Positional and environmental
data such as GPS, temperature and wave height were acquired from the ship and used as
input in the model. The model was then able to calculate fatigue damage to the ships hull.
Using visual inspections, the model is updated with the eventual goal of PdM where the
model is able to predict the time until critical damage based on planned use of the ship
[31].

2.2 Granger causality and other data analysis techniques

In this section a range of DATs will be discussed. Here, their possible use in the research
will be put forward. As discussed the GC method is to be applied. The results may be
improved if elements of other techniques are applied as well.

2.2.1 Causality, Granger causality and correlation

There is a distinct difference between a correlative and causal relationship of data. Where
a causal relationship between two factors explains that one of them causes the other, a
correlative relationship simply explains that the two factors move generally in the same
direction [20].

Often, data is mistaken to be causal while often correlation is the case [36]. Explana-
tions for this can vary: For instance, coincidence may result in an causal relationship
where there is none [36]. Another reason is the wrong interpretation of highly-correlated
data where an relation is assumed to be causal in one direction when the opposite is ac-
tually the case [36]. Most commonly though, two independent measures are caused by a
single factor not in scope [36].

At the end, causality is a somewhat deceptive term as it implies that one thing causes
another while in reality countless other reasons could explain the relation [20]. The con-
cept of causality is not defined and can not fully be quantified. There are however, methods
that aim to do so to an extent. Granger causality itself is one scientific way to look at,
and quantify causal relationships [1].

2.2.2 Granger causality

The main focus of this thesis will be to apply the GC method on the data available. This
in itself is not particularly what GC was meant for: In 1969 the method was initially
proposed by Prof. Clive Granger within the field of econometrics [1]. Here, the goal was
to prove causality between two or more terms. It is important to note that true casualty
is not proven here, ’Granger causality’ is merely the proof that term X has a predictive

7
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capability towards a term Y [1]. In mathematical terms the relationships are described in
equation 2.1a and 2.1b. Equation 2.1a shows that for term X1 an approximation is made
by looking at the previous value of X1 and X2 which is t−j. Here j = 1, or one step earlier
in a time-series. The value E1 is the error, or the number that should be added to the first
two terms in order to reach the value X1. If the addition of new terms such as X2 or any
term Xk results in a smaller error it means that the addition of the term has a predictive
capability towards the term X1 [1]. The equation 2.1b shows the relation in terms of X2

[1]. These two equations depict what is called a bivariate auto-regressive model meaning
that a model is constructed to predect a value in an vector based on earlier values of its
own vector in addition to another vectors earlier values.

X1 =

p∑
j=1

A11,jX1(t− j) +

p∑
j=1

A12,jX2(t− j) + E1(t) (2.1a)

X2 =

p∑
j=1

A21,jX1(t− j) +

p∑
j=1

A22,jX2(t− j) + E2(t) (2.1b)

The equations now only include the first lag, or j = 1. While in reality the relation may be
stronger with addition of further lags, or delays in the time-series. Within the time-series
the choice can be made to include values that are two, three, or further points back. The
results of the test will determine what added value these lags have. In practice it could
mean that if one term increases the other term follows almost instantly. It could also be
found that an incline seen in term X results in an incline in term Y only after a longer time.

Figure 2.4 shows an example where term X ’granger’ causes term Y . Here the relation
between the two seems to be that there is a 5 second delay from X to Y . The data is
recorded at a 1Hz frequency. The results of the test will potentially show that X → Y
with j = 5. This will the be case while (most likely) X ̸→ Y for j = [1− 4]. The j value
thus depends on the data but also the sampling frequency of the data. If the data in figure
2.4 was recorded at a frequency of 0.2Hz GC would have been found at the first lag, j = 1
[7]. It should be noted here that if causality is proven or rejected in one way it does not say
anything about the reverse yet; when looking at figure 2.4 term Y it does not ’Granger’
cause term X.

Regression modeling

Equations 2.1a and 2.1b already showed how the determination of GC is set up broadly.
In practice this means that in order to test GC two regression models have to be made.
One of them is the before mentioned, bivariate auto-regressive model and one of them is
an univariative one where only one time-series is included. Equations 2.2a and 2.2b show
the equations.

Xt = ct + α1Xt−1 + α2Xt−2 + αjXt−j + ....+ et (2.2a)
Xt = ct + α1Xt−1 + α2Xt−2 + αjXt−j + β1Yt−1 + β2Yt−2 + βjYt−j + ......+ ϵt (2.2b)

Essentially, regression modeling has the aim of rewriting data into a function which best
describes it [7], this is why an constant (c) is added to the model. In the univariate model
(equation 2.2a) only past values of time-series X are used to describe the time-series, while
the bivariate model (equation 2.2b) has the addition of the second parameter Y . The two

8
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Figure 2.4: 2 graphs showing terms X and Y where X granger causes Y with an
delay of 5 seconds [7]

equations result in two residual errors. To test GC the idea is that the addition of the Y
terms will reduce the error that results from the model. Therefore, to prove GC, e > ϵ
[13].

2.2.3 Testing Granger causality: F-tests

Acceptance and rejection of Granger causality

When determining causality such as in the example shown in figure 2.4 so-called F-tests
have to be executed for every lag chosen [13]. The F-tests are based on a null-hypothesis
where the hypothesis is as follows [13]:

The exclusion of the tested lag j in X strengthens the approximation of the next value
in time-series Y .

The hypothesis can be accepted (H0) or rejected (H1) looking at equation 2.2b this would
mean the following:

1. H0= β1 = β2 = βj = 0 will accept the hypothesis meaning that a no degree of a
delay in Y decreases the error, there is no GC present.

2. H1= β1 = β2 = βj ̸= 0 will lead to the rejection of the hypothesis meaning that a
degree of a delay in Y decreases the error. GC is present.

As is standard with a null-hypothesis, the result of the test is a probability measure
which measures the chance that the hypothesis is correct. A probability lower than 5% is
considered a threshold where the hypothesis is rejected [10]. This means that if the result
of the test is lower than 5% or 0.05 this hypothesis can not be accepted and thus this lag
could contribute to GC of the time-series. If the test results in values higher than than
the threshold, higher than 0.05, the null-hypothesis is accepted and the exclusion of the
lag does indeed strengthens the approximation. In other words, no causal relationship is
present between the parameters. The threshold for acceptance of the test can be altered

9
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based on the application [10]. If, for instance, greater certainty is needed it may be low-
ered. The downside to this is that a larger sample size is needed [10]. A commonly used
alternative to the 5% level is a 0.01 or 1% one [10].

When applied to lags j = [1− 5] in the time-series in figure 2.4, results could look like
the following: P > 0.05 in lag j = [1− 4] thus accepting the null-hypothesis and implying
no causality. At lag j = 5, P < 0.05 will reject the null-hypothesis implying a possible
causal relationship.

In order to accept the P value another result is needed from the F-test. This is the
F-test statistic, or F-statistic [13]. marked by F and is the actual measure to describe the
strength of GC. Moreover, it can also be used to validate the resulting P values. Gener-
ally speaking, F should be higher than P in order to accept the F -test results [13]. F is
determined using equation 2.3 where:

1. T marks the sample size

2. e and ϵ are the sum of residual squares E(t) before and after inclusion of the lag [13].
They are therefore the resulting errors of the univariate vs the bivariate model. E(t)
is the same error as previously described in equations 2.2a and 2.2b.

3. p marks the degrees of freedom in the regression model, this is based on the amount
of lags taken into account. p = j + 1

The F -test statistic gives a a measure of improvement of the bivariate model against the
univariate model. If the error is reduced more greatly by adding a lag of another time-
series the F value should become larger. A very low F -statistic could indicate that although
there might be an Granger causal relationship this could also be the result of noise in data,
occasional spikes in data, high variance, et cetera [13].

F =
(e− ϵ)/p

ϵ/(T − 2p− 1)
(2.3)

To sum up, two values result from F-testing:

1. P-value: The P-value is the probability value resulting from the F-test. It is always
valued between 0 and 1 as it describes the probability that the hypothesis is true.
The default threshold for acceptance of a null-hypothesis is 0.05 however, it can be
altered.

2. F-statistic: To verify that the P-value is legitimate the F-statistic is calculated and
should always result in an higher value than the P-value. It is based on the size and
content of the data and gives a measure of improvement of the bivariate over the
univariate regression model.

Interpretation of F-test results

It is important to interpret the results of the F-test correctly, Therefore, before conducting
the test, a determination of what relationship is assumed between the to-be analysed pa-
rameters must be established [16]. If tests validate the assumed relationship the analysis
will be assumed to be correct. If, on the other hand, test results differ from the assumption,
the following two main problems may be the cause of this:
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1. Problems with the frequency rate of data. This can lead to instant causality where
a Granger causal relationship is concluded in both directions. The frequency of data
may be incorrect for the application. It could be too high for a dataset where changes
are only happening over very long periods of time. Also, frequency could be too low
resulting in overall data being too scattered [16].

2. Both terms could also be influenced by a third term [16]. This is called common
cause fallacy or a confounding factor and may cause test results to be distorted.

The result of these problems could for instance be Bidirectional GC which means that
in both directions GC is concluded and validated with the F-statistic. The before men-
tioned problems could be the cause of this [16].

A good method of validating the test is by conducting it the other way around. If
the assumption is that parameter A Granger causes B it can be validated by testing if B
Granger causes A [16]. The result of this test should then show the opposite of the earlier
result.

Probabilistic evaluation of F-test results

F-tests are based on probability basis using a null-hypothesis. They can, therefore, be
evaluated using a group of metrics. Namely: accuracy, precision, recall and the F1-score
[35]. When the F-tests are conducted in groups the overall capabilities of the test can be
determined using these metrics. F-test results can be grouped in four groups:

1. TP (True Positive). These are situations where the F-test result deemed to be
positive, accepting the null-hypothesis and the data also shows visually that this is
the case. Both show that no GC is present [35].

2. TN (True Negative). Here both the F-test result and the actual condition reject the
null-hypothesis. Both show that GC is present [35].

3. FP (False Positive). The F-test accepts the null-hypothesis while the actual condition
rejects it. In the GC environment this means that the F-test find that there is no
GC while the data clearly shows visually that causality is present [35].

4. FN (False Negative). F-testing rejects the null-hypothesis showing that GC is present
while upon inspection the two parameters are clearly do not show causality [35].

Both the TP and TN show correct results of the F-test while the FP an FN could be
considered mistakes. Figure 2.5 shows the confusion matrix which is built from the four
numbers. The accuracy is calculated using equation 2.4. All values are used here. The
total amount of true accounts are simply divided by the total amount of accounts, both
true and false. Accuracy ranges from 0 to 1, or 0% to 100% with 1 being ideal[35].

Acc =
TP + TN

TP + FP + FN + TN
(2.4)

Evaluating accuracy only does not always suffice. For instance, the model could be
unbalanced. Unbalance arises when there is a large discrepancy between True positives
and negatives or False positive and negatives [35]. In this case the model can be evaluated
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Figure 2.5: A figure depicting the confusion matrix used for accuracy calculations
[6].

too using the Precision and Recall metrics. These are shown in equations 2.5 and 2.6
[35]. Precision (positive predictive value) determines the share of successfully predicted
positives. It thus shows how successful the model is in accepting the null-hypothesis. In
the GC environment it determines how good the model is in showing that no GC is present.

The recall (true positive rate) metric does the same but now focuses on the capability
of showing that GC is present. Both again range from 0 to 1 (0% to 100%) with 1 being
most favourable [6].

Precision =
TP

TP + FP
(2.5)

Recall =
TP

TP + FN
(2.6)

Finally, the F1-score uses both the precision and recall to more completely describe the
performance of the test [35]. It is shown in equation 2.7.

F1 = 2 ∗ Precision ∗Recall

Precision+Recall
(2.7)

2.2.4 Additions to the Granger causality method

Addition of parameters

In these examples there are only 2 parameters that are analysed at one time. However,
using this method more terms could be added. The current monitoring systems on the
OPV class include numerous parameters which could all be added in this method making
it very suitable to see the relationships between sensor values [22].

In more advanced models GC may be defined using more than one parameter or sam-
pling rate. In practice this means that parameter A could be defined by parameters B,C,D
etc. In essence, a network is created to explain the relationships between all parameters
[22].

In figure 2.6 the influence of a third parameter on two parameters is shown. In this
model the addition of a fraction of parameter X1, expressed in C ranging from 0 to 1
determines the causal relationship between X2 and X3. The relation is Granger casual
from X2 → X3 when C = 0.7 while this is the other way around when X1 is left out of the
model entirely, when C = 0.
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Figure 2.6: Example showing the results of the vector auto-regressive model
(VAR) model where GC is stated in both directions (x2→x3 and back) depending
on a degree of X1 expressed in C [22]

Lag selection

Not only the increase of parameters but also the addition or selection of lags may be elab-
orated upon. As stated earlier the relationship between parameters may be non-existent
when looking in short term. However adding lags, to the computation could show GC in a
longer term. The selection of lags is therefore a vital step in understanding the relationship
between parameters [22].

Two choices may be made when selecting GC analysis. The first one involved the em-
ployment of a lag selection criterion [15]. Multiple methods exist in this regard varying
in complexity. All of them quantify the maximum amount of lags relevant for the dataset
[15]. Here, length of the sample, variance of data and other metrics influence the result.
Most commonly used are the AIC, or Akaike Information Criterion [15] and the SIC, or
Schwarz Information Criterion [15].

After the implementation of the criterion, testing of the data will start limited to the
maximum found lag. Equations 2.8 and 2.9 show the definitions of the two criteria. In
both formulas k stands for the amount of parameters, or lags involved and the value L̂
is the likelihood or likelihood function. This is the product of likelihoods of all values in
the model to fit in the regression model [15]. Therefore it is a measure of strength of the
model. The SIC method also uses the n or total amount of data points in the set.

AIC = 2k − 2ln(L̂) (2.8)

SIC = k ln(n)− 2ln(L̂) (2.9)

The AIC and SIC methods result in a penalty value for every lag added to the test. The
lower the penalty value the better the lag selection. Since adding a lag adds complexity,
the value k becomes larger and larger. However, adding lags could substantially increase
the likelihood function as the model becomes better in fitting data. The methods result
in a balance where, the lowest resulting penalty indicates the maximum complexity or lag
used for the application of GC.

A study done on Malaysian companies aimed to find a relationship between market
share performance and the increase of sustainability practices (environmental, social, etc.).
The data was fitted in regression model where market share was fitted onto perceived
increase of sustainability practices [29]. A lag selection was done using both AIC and SIC.
Table 2.1 shows the results of the various tests. Annually, units of lag (time) where defined
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and tested using these criteria. From 2017 to 2020 the minimum number, or minimum
penalty is selected [29]. These values are marked by an asterisk and are the same for both
methods. Data was stored over multiple years. For every year the calculation was redone
since quality of data differed between the years [29]. In 2017 using a maximum of three
lags is most appropriate while in the other years four lags is found to be better. The main
benefits here are reduction of computing time as lags outside the criterion are left out.
Another benefit is the avoidance of misinterpretation of GC test results. If lags outside
the criterion are tested, they are statistically illegitimate [26].

Table 2.1: Results of various lag selection criteria resulting in a maximum lag of
three to four [29]

In the second method, the selection may also be based on the results of the tests where
at first a large amount of lags are analysed. In this case, knowledge of the data and its
origin are necessary as it will be used to set the maximum amount of lags and predict its
possible outcomes [23]. Also, averaging the amount of useful delays may also be imple-
mented [23]. This could, however, result in the loss of information and prevents further
selection of data. In a new method lags are selected based on their individual GC test
result [23].

Application of a LASSO-function

To aid lag-selection a LASSO (Least Absolute Shrinkage and Selection Operator) function
may be applied. LASSO is an regression analysis method where the minimum error E(t)
is calculated using a number of lags. The lags are scaled in the function resulting in a
list of most prominent lags. It essentially means that one lag may be left out entirely
while others are added to a magnitude of 0.9 or 0.4 [38]. LASSO results in a listing of
lags where some are found to be suppressive (magnitude 0) and others to be active in the
relationship between two variables [38]. It can, thus, be viewed as a first line selection of
time-lags as the magnitude determines the selection of the lags added. Active lags may
be analysed further decreasing computational time in the following F-tests [38]. In total,
the results of the LASSO function do not say anything about the possible GC yet, LASSO
simply estimates which lags could contribute numerically to the relationship between two
parameters [38].

2.2.5 Applications of Granger causality

The overall theory behind GC is relatively straight-forward. This means that applications
are not limited merely to the field of econometrics. Some possible applications, including
a naval one, are discussed below.
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In bio-informatics

The development of diseases is characterised by the change in density of certain genes.
Relationships may be discovered to further understand and identify the progression over
time [23]. Using GC progression can be identified over time. The relation between two
genes is found including a given time lag. For instance, the concentration of a gene can be
identified to Granger cause the increase of concentration of another gene given a time-lag
of two [23]. The relevant time-lags are found using a lasso-function [23].

In the naval field

Research conducted in Canada proves the potential use of GC in a naval application.
Research conducted by the S & T Organisation involved the analysis of sensor data on-
board Canadian Frigates at times of operational deficiencies [24]. Operational deficiencies,
or OpDef’s are collections of reports made by operators regarding a mechanical malfunc-
tion. An OpDef is opened at the detection of a problem and is closed when repairs are
eventually concluded. In between, new developments or intermediate repairs are docu-
mented as well. In an earlier stage, indicator sensors were identified and linked to a list of
these deficiencies [25].

Figure 2.7 shows a timeline with this information. Here, the red lines mark a number
of OpDef’s. The purple points mark new entries in the Opdef. During an operational
deficiency the indicator sensors are read and analysed using GC. The exact dates of the
GC analyses are marked in black. Results show that with an overall accuracy of about 99%
sensory indicators are found for the deficiencies. The accuracy is calculated by dividing
the number of ’true’, T , test results by the total test results meaning that the number of
’false’, F , alarms are only at 1% The accuracy is calculated using equation 2.4 [24].

Figure 2.7: A timeline showing analysed Opdef’s (red & purple) with their
respective indicator sensors (black) [24].

As an example, the GC relationship from sensor T8172 to T7616 can with 99% accu-
racy predict deficiencies. In total the paper lists multiple sensors per deficiency resulting
in, for instance, a list of 33 relationships that could predict a deficiency[24].
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Sensor data was gathered using the onboard Integrated Platform Management System
(IPMS) [24]. This system is present on the Dutch OPV as well. Similar to the Dutch
system, data is logged at a 1Hz frequency. Data collection is found to be sufficiently com-
prehensive to enable CBM. A prior study to the one described here found that in a wide
array of components, sensor parameters are present to create maintenance indicators [25].
Next to this, available data on maintenance history and scheduled maintenance tasks can
be added to the sensor data to improve the overall picture a components health [14].

2.2.6 SCADA alarm analysis

In section 2.1 the addition of diagnostics of a maintenance system was touched upon. Using
probability models and alarm documentation a model can be created which puts forward
the most probable cause of alarms in a system. Research has shown that on complex
systems, such as a wind turbine, the sequence of alarms can be combined with anomalies
in sensor data to create a prescriptive maintenance system [18]. Figure 2.8 shows how a
sequence of alarms lead to a diagnosis for the wind turbine system.

Figure 2.8: A VENN diagram showing the most probable cause of a defect in a
Wind turbine system using alarms [18].

2.2.7 Outlier detection using a variable window

Another challenge in the detection of faults is the pre-selection of data, meaning, the
partitioning of a larger dataset to more accurately define faults in the system [11]. An
example of this is a study in the application of outlier detection. The study found that one
of variables dictating the number of false positive or negative detections was the chosen
window of data analysed at the time. Figure 2.9 shows that changing the chosen window
of the analysis from 12 to 16 and eventually 20 hours improves the analysis as less false
detections are made. The algorithm thus profited from larger pieces of data [11].
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Figure 2.9: Multiple graphs showing the effect of the chosen data window on the
amount of true positive, TP vs false positive or negative, FP & FN detections
[11].
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2.2.8 Data correlation and dimensionality reduction

Data correlation

As mentioned before, the goal of calculating correlation is to conclude the strength and
direction of relationship between two sets of data [9]. Most commonly, the Pearson’s cor-
relation (PC) method is used for this. As shown in equation 2.10, correlation between
parameter x and y is expressed in rxy. The result is based on the covariance and variance
of the two variables [9]. The resulting value has a range of [−1 : 1] where the magnitude
indicates the strength of the relationship. The more negative the value, the stronger the
negative relationship while the higher the value the more strongly positive the relationship.
A value which is small, thus closer to zero indicates a weak relationship [9]. In contrary to
GC calculations, correlation results is the same independent from the direction of calcula-
tion. Typically, values between 0 and 0.3 describe weak, 0.3 and 0.6 average, 0.6 and 0.9
strong and 1 perfect relationships [9]. The same goes for the negative values.

rxy =
cov(x, y)√

var(x)
√
var(y)

(2.10)

Dimensionality reduction

In complex systems multiple variables may correlate in such a high degree that they can be
combined into one, or left out entirely [37]. In a paper where data-driven PM is achieved
the first step is to simplify the analysis by mapping data in a correlation matrix. Figures
2.10a and 2.10b show such matrices. Here, all input parameters are correlated with each
other in the first matrix. The second matrix shows the correlation with output parameters.
Leaving out parameters based on their correlation with one-another decreases computing
time in later steps of the analysis [37].The threshold for removing data is set to be 0.9
meaning that the input dimension is reduced from 11 to 7 variables [37].
Alongside the diagonal all values are 1 in figure 2.10a since the variables are correlated
with themselves. The research paper uses the PC method for this. It should be noted that
with the use of this method both values are equal opposite of one another. For instance, in
figure 2.10a the resulting correlation value between HCO and ABT − 1 is both the same
on both sides of the diagonal.
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(a) A correlation diagram where all input variable are correlated with each other [37]

(b) A correlation diagram showing the correlation between out- and input variable [37]

Figure 2.10: Correlation matrices used to select variables for further analysis [37]
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Selection of testing data

This chapter will explain the method of data selection for this research. As the volume
of available data is large, a methodical approach to its selection is needed. To begin,
the data acquisition systems at the OPV are explored. Using this knowledge, meaningful
selection criteria are listed to find the most promising datasets for this research. Finally,
the selection is made and the final datasets are listed.

3.1 Data acquisition on the OPV

In order to create a meaningful selection of data it is important to know how data at the
OPV is collected, sorted and stored. In this section the two main systems used for this
selection are elaborated upon.

3.1.1 IPMS

During operation all systems are managed using the IPMS. The system is used to monitor
the function of components during operation but collected data may also be extracted for
later analysis. This is the main source of data for this research.

BSMIs

As data is logged it is labeled using a coding system. This system is named the Basis
Standaard Materieel Indeling (BSMI). The OPV has a large number of these codes. Ev-
eryone of these codes is linked to a part, or system in the ship. From propulsion systems to
pumps or even the hull, all have their own code. To give a complete list is not particularly
meaningful in itself but the BSMI coding system does allow necessary filtering later on.

Sensors

The number of available parameters is listed for each BSMI code. This is, for the purpose
of this research, very useful. These can be divided into in- and outputs. Conventional
sensors such as temperature, pressure or power sensors are all logged as outputs of the
numerous systems onboard. Next to this, set-points, engine settings and running hours are
also found.

3.1.2 SAP system

The System Analysis Program Development (SAP) system is used by the RNLN to manage
all logistical flows of components, list failures (events) in systems and document other
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business processes. The listing of failures is important to the analysis as it determines
which dataset has the most potential to test GC on. The failures are manually documented
onboard by operators and classified. Factors such as priority, type of failure and time are
all listed.

Types of SAP events

At the RNLN all events are classified with a coding system. Generally, M events are related
to instances where a single component is in need of preventive or corrective maintenance
actions, WP events make up a grouping of actions to be undertaken at one time and Z
events lead to alterations of the system. In reality, most events are classified as M events
or part of WP events. The total list of definitions per type of event is listed in appendix
A.

Priority numbers

Depending on component, safety or degree of failure a priority number is given to the
event as well. The number will not be taken into account when selecting datasets. Mainly
because of the various aspects it is build from. Damage done instantly due to human-made
errors may end up having a much higher priority score than damage done over a longer
period of time which is the type of damage most interesting for this study. Also, some
components are far more important on the ship. This will always be given higher priority
numbers distorting the selection further.

3.1.3 DINO

As of now , all IPMS data is saved onto hard drives onshore. Using an application on
the defence network sensors can be selected for further analysis. When system codes are
selected with a corresponding time frame the DINO app is used to download this data.
The DINO app is created by the DVO group as part of their SM project.

3.2 Selection Criteria

To select useful data from the database criteria are defined. All systems onboard or BSMI
codes, are subjected to these selection criteria to find the highest potential candidates.
The criteria are the following:

3.2.1 Corrective maintenance actions

The final goal of this thesis is to verify whether GC could be implemented on sensor data
to detect problems onboard. This means that for datasets to be useful they must include
anomalies caused by failures. Looking at section 3.1.2 the type of events that would provide
these anomalies are most likely linked to events leading to corrective maintenance actions.
In M1, M2 and M3 events this type of maintenance is applied. Systems, in this case, have
experienced faults that need to be addressed earlier than planned. It is therefore assumed
that these are the only events interesting for the analysis. M3 events are left out in the
final selection method as these are only administrative in nature.
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3.2.2 Sensor count (S)

The second criterion is the number of sensors present in any given BSMI system code.
Some of these systems will have only one or two sensors and are therefore not complex
enough to analyse. Moreover, the chance is higher that no anomalies or events are found
here.
The BSMI codes are therefore divided up into three main groups. For each group, the sys-
tem with the highest potential will be picked first to analyse. The groups are the following;

Simple systems: These range from 2 to 9 parameters. When applying the to be de-
termined data analysis method, testing it on a less complex system will be ideal to prove
the principal theory.

Intermediate systems: Ranging from 10 to 24 parameters. Following the proof of
concept in the simple group this stage will add complexity.

Complex systems: Finally, systems with 25+ parameters are selected. These are the
most complex systems and will only be tested if the method is functioning well enough.

3.2.3 Sensor types (P)

Not only the total number of sensors is taken into account. To add to this, all selected
BSMI codes need to have at least two different sensor types. Since some of these BSMI
codes only comprise of less rich parameters these are selected out. As an example, one
BSMI code only has three sensors all regarding running hours. Finding anomalies and
linking them to each other will become very hard in this case.

The BSMI codes are selected based on three main aspects:

1. Number of corrective maintenance actions (M1 and M2)

2. Total number of sensors, in three groups (S)

3. Number of types of sensors (P)

3.3 Method of selection

The method of selection is listed below in three main steps. Figure 3.1 shows the method
of selection. The entirety of the selection steps have been conducted using excel while
information on SAP events and BSMI codes was found internally.

Step 1: Collection of data

The first step is simply to combine known data into a single excel file. All BSMI’s are split
into the three groups; simple, intermediate and complex. Their corresponding SAP event
data is listed for all BSMI codes as well. These are split into the M1 and M2 events and
finally the total number of events per system is registered as Mtot.

Step 2: Calculation of selection index (I)

A index is created with the aim of showing the higher potential systems. The index, I is
calculated using equation 3.1 and is made up of two components: Firstly, the degree of
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Figure 3.1: A diagram showing the data selection method applied

corrective maintenance actions is found by dividing the M1 and M2 corrective maintenance
events by Mtot, the total number of events found per BSMI code. Secondly the amount of
corrective maintenance is measured by degree of system complexity where S is the number
of sensors per BSMI code. Due to the large variation in systems complexity, the second
term is raised to the power of 1/2. This ensures that the index of both simple and complex
systems can be calculated using the same equation.

I =
M1 +M2

Mtot

√
M1 +M2

S
(3.1)

Step 3: Ranking and sensor selection

For the simple, intermediate and complex all BSMI codes are ranked based on the resulting
index. The BSMI codes ranked highest on the lists now should have the appropriate
number of sensors and possible anomalies in their datasets. The quality of sensor data is
now assessed. Using a sensor list, all sensors are categorised on type of parameter, named
P . The Index I is multiplied by the number of sensor types per BSMI resulting in the
final ranking, named R. This is due to the goal of in this research showing GC between
different types of data.

Periods of interest

One candidate BSMI is picked from each of these groups. A timeline is created showing
all useful events in a chosen time span. To narrow down the eventual dataset, periods of
interest are picked. All event data comes from the SAP system and is requested per BSMI
code.

3.4 Selection results and potential datasets

The method of selection is applied and the results are shown below. Data on SAP events
and a sensor list were collected from an extended period of time. All data was collected
from one of the OPV’s.
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3.4.1 BSMI Rankings

Step one and two are applied and result in the three lists of BSMI codes. Tables 3.1 to 3.3
show the top five results per group. The number of unique parameters is shown column
’P ’ and the total number of sensors is shown in column ’S’. The product of these is shown
in column ’R’; pressure, temperature and power, etc. If the BSMI selection does not result
in meaningful datasets when performing the actual analysis the next best BSMI code will
be picked instead. The full list of all BSMI codes and all types of sensors can be found in
appendix B

Case 1: Simple

From table 3.1 BSMI 12129 is picked having a much higher R score as opposed to the other
results.

Table 3.1: Selection of BSMI codes for the first case

BSMI Definition M1 +M2 Mtot S I P R

12129 KVDM INST BRANDSTOFINSTALLATIE 24 33 2 2,52 1 2,52
1471 DRINKWATERINSTALLATIE 36 305 3 0,41 2 0,82
1517 WATERMIST BRANDBLUSINSTALLATIE 29 115 4 0,68 1 0,68
1452 STUURMACHINE INSTALLATIE 21 236 4 0,2 1 0,2
1645 DIEPGANGMEETINSTALLATIE 3 12 6 0,18 1 0,18

Case 2: Intermediate

In the second case the second result is picked instead of the first. Here the reasoning is
that the first option, BSMI code 1641 is linked to the central management system. Faults
in this system could be linked to any other system onboard which will make analysis hard
here. Therefore, the second, BSMI 1214 is chosen.

Table 3.2: Selection of BSMI codes for the second case

BSMI Definition M1 +M2 Mtot S I P R

1641 PLATFORM MANAGEMENT INSTALLATIE 29 152 16 0,26 3 0,77
1214 VOORTSTUWINGS ELEKTOMOTORINSTALLATIE 13 51 19 0,21 3 0,63
1511 ZEEWATERBRANDBLUSINSTALLATIE 32 284 18 0,15 2 0,3
1591 ZEEKOELWATERINSTALLATIE 31 381 12 0,13 2 0,26
1575 HELIKOPTER BRANDSTOFINSTALLATIE 18 208 11 0,11 2 0,22
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Case 3: Complex

BSMI 1331 is picked for the complex case. While having the second highest I score, the
amount of different parameters present in the BSMI code (five) makes it outscore the
second pick BSMI 1521.

Table 3.3: Selection of BSMI codes for the third case

BSMI Definition M1 +M2 Mtot S I P R

1331 VERDELING HOOFDVOEDING 440V 13 37 36 0,21 5 1,05
1521 TRIM-, BALLAST- EN ONTBALLASTINSTALLATIE 28 74 46 0,30 2 0,6
1571 BRANDSTOFLAAD-, TRANSP- EN AFGIFTEINST 10 73 30 0,08 1 0,08
1231 TANDWIELKASTINSTALLATIE 12 327 40 0,02 4 0,08
12121 KVDM INST KRUISVAART DIESELMOTOR 7 183 122 0,01 4 0,04

3.4.2 Dataset selection

Figure 3.2 shows all M1 and M2 events registered in BSMI in a considerable period. The
blue dots, or events, are shown with priority numbers on the y axis with number 1 being
the highest and 4 the lowest. While no selection is made on the priority numbers , its helps
to visualise events when situated in close proximity. The periods of interest are plotted in
green, these are the points in the timeline where events are registered more closely to each
other. The assumption is that failures recorded in data are more likely found here. The
three yellow highlighted areas indicate the periods where datasets are extracted. These
areas are chosen mostly before and during periods of interest. Appendix C visualises all
timelines for the chosen BSMI codes.

Figure 3.2: The timeline of events resulting in the periods of interest for the 1214
BSMI system.
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Methodology

Resulting from chapter 3 datasets are created which would, in theory, contain anomalies.
However, before detection of such anomalies is applied the method of GC must first be
tested. This is why the method chapter is divided up into two main parts: Firstly an
exploratory analysis will be conducted on a full dataset with the goal of comparing GC
and correlation as well as a more in-dept test of GC on a found in- and output parameter
in the dataset. The second section contains a method of testing the eventual goal of this
research; the fault detection capabilities of GC. Finally, the software and other DATs used
in the analysis are discussed.

4.1 Exploratory analysis

The main goals of the exploratory analysis are as follows;

1. Initial data-processing

(a) Successful manipulation of data for the GC tests

(b) Visualisation of data in the dataset, including registered events

(c) Creation of correlation matrix for all parameters present

(d) Creation of GC matrix for all parameters present

2. First in-dept application GC

(a) Identification of in- and output parameter

(b) Performance of GC test with an identified in- and output parameter

(c) List of initial settings for later steps in the analysis

4.1.1 Initial data-processing

Data extraction and visualisation

The first step in the process is the collection and arranging of data for the analysis. As
discussed in chapter 3, the resulting datasets are extracted from the DINO application.
To get a first overview of the data at hand, a plot is made showing all parameters present in
the set. Using the known event-data from the SAP system events are also plotted vertically
on the x-axis.
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Data manipulation

To reduce file sizes this data has been compressed by the IPMS system to only show changes
in registered values. In practice this means that for a parameter like a set-point only one
value is registered per day while temperature is measured every second. Since the GC test
uses time-series data all parameters have to be reshaped to have the same length. In the
end, a dataset is created with equally sized time-series for each parameter present.

Creation of correlation matrix for all parameters present

A correlation matrix is made from all parameters in the dataset. This will give some
initial insight in the relationship between parameters and could, in combination with the
GC matrix lead to the selection of an in- and output parameter for the in-dept application
of the GC test.

Creation of GC matrix for all parameters present

Using the time-series data, GC tests are again done on all parameters in the dataset. The
GC matrix will then also be compared with the correlation matrix to show the potential
added value of the application of GC on data.

4.1.2 First in-dept application to find GC

Identification of an in- and output parameter

From the dataset the in- and output variables are identified. Next, to verify that the GC
test is indeed applicable in this environment a small time frame is selected to perform the
analysis onto. One single in- and output variable pair is GC tested. A potential candidate
is picked using the correlation and GC matrices.

F-test

GC will be tested over a small time frame. Here the result will show whether the input, I,
Granger causes the output, O. Equation 4.1 shows that in order to conclude that GC is
present, a F-test as described in section 2.2.3 should result in P < 0.05. If results of the
test end up being higher than this, no conclusion can be made regarding causality between
the two parameters. The test is also performed in reverse to verify that no Bidirectional
GC is present. Finally, the F-statistic will be calculated to verify the test results.

By default the significance level for the test is picked to be 0.05

P I→O ≤ 0.05 → GC (4.1)

Findings for later testing

In this stage information on effects of resampling data or application of data filtering
methods will be gathered as well. The reasoning behind the possible application of filtering
is the reduction of file sizes and increasing the speed of computations. However, if loss of
information is found to be too large this step will be skipped.
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4.2 Further application of the method

Following from the first application of GC a fault detection method will be created and
applied to a wider range of data.

4.2.1 Application on larger datasets

The exploratory analysis will only be conducted on a very small piece of a larger dataset.
Still, when using a larger set, the basis of the method stays the same. Again, GC will be
tested using equation 4.1.

Now, the test will only be conducted when an input value changes. As the F -test is
based on finding the reduction of resulting predictive error over time, a test may only be
done with a non-static array of data-points. Using a static one will, by definition of the
F -test result in the conclusion of no GC. Also, in this way computing time is reduced
drastically enabling testing over larger datasets. Figure 4.1 shows the proposed method.
Here it can be seen that at the test locations a part of the dataset has been marked in the
testing area. The F -test will be done in this area only. The result is that more selective
testing is done. The main variables that are relevant here are the size of the testing area
before and after the change, and the settings of the F -test itself, so the number of, or
selection of lags taken into account.

Figure 4.1: The proposed GC testing method for larger datasets. Testing only at
changes of the input sensor values.

4.2.2 Fault detection

The fault detection method is based on the same confusion matrix as shown in chapter 2.
Figure 4.2 again shows this confusion matrix. Where using a F -test, positives (acceptance
of null-hypothesis) and negatives (rejections of null-hypothesis) are determined for the
prediction. The real, or actual state is then verified visually in the dataset resulting in the
TP , TN , FN and FP values.
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Figure 4.2: The proposed method for determining negatives and positives using
the F-test and visually.

Determining Negatives and positives using the F-test

For every test conducted at a input sensor change the following statements are proposed:

N = P I→O ≤ 0.05 (4.2)

P = P I→O > 0.05 (4.3)

Formula 4.3 defines any resulting P value lower than 0.05 (indicating GC) will be counted
as a Negative or N. This means that here the system is acting normally. The assumption
here is that in regular behaviour there should be GC from the input to the output. When
the resulting P -value is higher than 0.05 (indicating no GC) a positive is registered. Using
the same assumption, this positive registration can be seen as a potential fault in the
system. Again, in figure 4.2 it can be seen that the P ’s or positives show no GC is present
while the N ’s or negatives show that GC is present. This is the same for the visual check.

Use of more than one unit of lag

Most likely, more than one unit of lag will be used for the test. Therefore, a choice has
been made regarding the array of results for the f-test for all selected lags. If any of the
selected lags show that no GC is present, thus, showing a P -value higher than the selected
significance level it will be counted as a positive result. The reasoning for this is that the
exploratory analysis will have pointed out what lags are to be used and which are not.
F-testing this selection of lags should always point to P -values lower than the significance
level showing that GC is present. This, in turn would mean that any diverging value will
mark a problem at that time and will therefore be counted as a potential fault.
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Accuracy, precision, recall and F1-score calculations

The same metrics are again employed as described in chapter 2. All formulas are again
shown below in equations 4.4 to 4.7

Acacuracy =
TP + TN

TP + FP + FN + TN
(4.4)

Precision =
TP

TP + FP
(4.5)

Recall =
TP

TP + FN
(4.6)

F1 = 2 ∗ Precision ∗Recall

Precision+Recall
(4.7)

4.3 Software and other data analysis techniques

4.3.1 Software

The entirety of the code is written in a Python environment using Jupyter notebook.
Within Python the statsmodels package is used specifically for the F -test. Statsmodels
includes an built-in module for this purpose and includes the following inputs:

1. Two columns of data, being the in-and output of the time-series

2. Lags: the selection of lags taken into account for the test

3. Resampling rate: Different resampling rates will be tested to find its effect on the
accuracy of the results

Finally, a small study on filtering of data will be conducted in the exploratory part of
the research.

4.3.2 Other data analysis techniques

As stated in section 4.1 other DATs may have to be included in the test to improve its
quality. In the application on a larger scale, the method of testing on GC is done with the
testing area. This testing area was introduced following the findings made by the study
on anomaly detection using a varying window size [11].
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Results

5.1 Exploratory Analysis: BSMI 1214

Following chapter 3, datasets were selected for further analysis. Early examination of the
data found that any of the selected BSMI codes in the simple case had little to no value.
The sets did not contain coherent data to test further. Mainly, input parameters could not
be identified here. Therefore, the choice was made to start with the first selected BSMI
code from the intermediate case: BSMI 1214. This case was found to be rich in data and
will thus be used for testing. Moreover, the complex case was assessed to be redundant in
further testing since the intermediate case contained enough data for thorough testing of
GC.

5.1.1 BSMI 1214: Electric engine propulsion system

The system used for the execution of the proposed method is the drive-train system on the
OPV. It consists of two electronic motors which are abbreviated as PEM or ’patrouill-
evaart elektrische motor’. All sensors are linked to one of the motors defined by either
the SB (stuurboord/ starboard) and BB (bakboord/ port side) of the ship. The two
engines are positioned next to each other ensuring redundancy if one engine were to fail.
In normal use, both engines will be used in tandem [32]. Figure 5.1 shows such a setup.
A diesel engine generates power which is directed to a converter and finally to the electric
engines. The system shown is used by the Finnish Defence forces for their newly designed
corvette-class ships [32]. Although not entirely identical it does depict a similar setup.

5.1.2 Initial data processing

Data extraction, visualisation and manipulation

This means that the first selected dataset is that of BSMI code 1214 as part of the in-
termediate case. Below, in figure 5.2 the full dataset to be analysed is first shown. The
starting and ending dates are listed on top and all parameters are listed in the legend.
Also, vertical striped lines show the events in red at that time. The dates are directly
imported from created timelines in section 3.4. The set contains periods of operation, but
also idle time.
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Figure 5.1: A visual representation of a double engine propulsion system for a
ship using an electric engine powered by diesel-generators [32]

Figure 5.2: The BSMI 1214 data gathered from the DINO application.

Within this set a number of parameters exist; Since BSMI 1214 is part of the drive-train on-
board the OPV it contains sensor readings on output power (VERMOGEN) and Rotations
Per Minute (RPM), (TOERENTAL) reached by the motor. Next to this, the tempera-
ture of the motor is monitored as well (TEMPERATUUR). Finally, a RPM set-point
(SETPOINT-TOERENTAL) is logged containing input information for the drive-train.
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Figure 5.2 shows the full dataset. For the exploratory testing a much smaller size dataset
is needed. figure 5.5 therefore, shows a week long part of the data. This part is also high-
lighted in figure 5.2 in green. This section of data is then reshaped such that all parameters
are equal in size. This is done by forward filling any of the compressed sections of IPMS
data. The logic here is that only data which had been static is compressed by the IPMS
system and thus forward filling is the most simple approach. A correlation and GC matrix
is constructed with this data.

Correlation matrix

Figures 5.3 and 5.4 show the results of both the correlation and GC analysis. The cor-
relation matrix shows that between the SB and BB pairs, parameters correlate perfectly
in most cases. This is logical as both engines are designed to be used together. The
SETPOINT-TOERENTAL parameters, both SB and BB, seem to only correlate with
the output power, or VERMOGEN with an average strength. The output parameters
regarding temperature, RPM and power correlate strongly with one another.

GC matrix

Next is the GC matrix. At first glance it becomes noticeable that, contrary to the corre-
lation matrix, this one is not symmetric along the diagonal. As stated before in section
2.2.2, GC may differ depending on the direction of analysis. The matrix should therefore
be read as follows: Parameters listed on the y-axis are tested to cause the parameters on
the x-axis. This is also depicted in the bottom left corner of the figure. The direction of GC
testing is shown going from in- to output with the resulting P value filled in the matrix.
For instance, the temperature parameters do not GC the set-point parameters while this
does occur the other way around. Namely: TEMPERATUUR → SETPOINT > 0.05
while SETPOINT → TEMPERATUUR < 0.05.

Note that the F-test is applied here with a significance level of 5% or 0.05. In the GC ma-
trix differences between the SB and BB parameters also become clear. The set-point-SB
parameter does not GC the RPM parameter on BB while it does on SB. Again power
output on the screw can not be traced back with another parameter, all GC relationships
to the power outputs are valued higher than 0.05.

In many cases bidirectional GC is found, this could be the result of problems with fre-
quency or sheer size of the recorded data. Or, a common-cause problem where both
parameters are caused by a third one [16]. Lastly, it could also be caused by an case of
instant GC [16].

Added value of the GC matrix

In all, the correlation matrix is able to quickly distinguish which parameters are related
closely to each other. The GC is then able to show whether a causal relationship could
exist between these as well. Due to the size/quality of data however, bidirectional GC
is found in the majority of the cases. This means that in further applications a smaller
dataset will be needed to clearly explain the causal relationships.
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Figure 5.3: correlation matrix for the BSMI 1214 data

Figure 5.4: GC matrix for the BSMI 1214 data
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5.1.3 Selection of in- and output parameter

Upon further inspection of data, it can be concluded that from all available parameters a
suitable selection would be to test the SETPONT-TOERENTAL parameter as the input for
the actual output TOERENTAL. These are the in- and output RPM values of the motor.
Here, either SB or BB would be correct. They must, of course, both be parameters from
the same side of the ship as the GC matrix show that no causality exists between SB and
BB parameters. For the exploratory research the SB data was used. In the further analysis
temperature sensors could be addressed as they are clearly caused by RPM parameters.
Also, the power parameters could be considered as again, a causal relationship between
the two could exist.

Figure 5.5: A week long piece of the BSMI 1214 dataset

5.1.4 Application of Granger causality test of in- and output data

Resulting from the selection of parameters, Figure 5.6 isolates only the in- and output
parameters discussed earlier. During operation, the assumption is that whenever the set-
point changes on the ship, the actual output of RPM will follow quickly.

Visually, this can be confirmed quite easily. However, during some phases where the
set point value stays stable at around 1250 the actual output falls to 0. The conclusion
is made that this is a glitch in the software and no actual error occurs in the system.
Still, it does offer an opportunity to detect anomalies like this later on in the full analysis.
Zooming in to a single set point change, figure 5.7 shows the data in detail.

Again, this particular part of the dataset is highlighted in green in figure 5.6. The
reduction in set point results in an almost immediate decrease of actual delivered RPM’s.
Next to this, the data shows some visible oscillations which could be explained by possible
noise in the sensor readings or the motor is continuously controlling to follow the set point.
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Nevertheless, the use of filters could prove useful as it would allow resampling, and thus,
condensing data without resulting in loss of information.

Figure 5.6: A week long piece of the BSMI 1214 dataset showing only the in- and
output parameters used for initial GC testing

Figure 5.7: A graph showing the in- and output data during a set point change.

Inclusion of filters

The following Three filters were applied on the in- and output:

1. A MAF (moving average filter) may be used on time-series data. As the name implies,
it revolves around smoothing the data at hand by plotting values that average out
within a set time frame. In larger sets of data the MAF filter can be tuned such that
the time frames are dynamic such that information loss is minimal [2]. Generally,
including an MAF filter does add a delay over the original data.
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2. A LPF (low pass filter) is designed to remove noise at pre-determined cut-off fre-
quency and can thus be tuned such that noise is removed. Other than the MAF, it
does not result in an added delay [30].

3. A LOWESS (locally weighted scatterplot smoothing) filter, this type of filtering is
based on linear regression. It is very effective in removing outliers from time-series
data [33].

The application of these filtering techniques is shown in figure 5.8. Here, the set point,
original and filtered versions of the data are plotted together to see which filter method
best captivates the original data. Quite easily, the LPF looks to be the most suitable filter.
It removes the oscillations while also mimicking the decrease in RPM the best. The MAF
does remove noise. It does however, clearly result in an added lag. For the GC application,
this is particularly bad. Finally, the LOWESS can be disregarded, the application takes
too much computing time and results in changing the overall relationship between the two
parameters. For instance, the LOWESS filtered data drops off earlier than the setpoint
does, thereby creating the impression that it would cause the setpoint change instead of
the other way around.

Figure 5.8: The application of filters on the exploratory data showing the MAF,
LPF and LOWESS filtering techniques.
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Choice of maximum resampling rate and amount of lags tested

Overall, the goal of resampling is to condense data such that in larger sets computing time
is decreased. The resampling is done in multiple steps such that the effect on the GC
results is made clear. The GC test is done on the week long data portion as seen in figure
5.6. Tables 5.1 to 5.5 show that resampling is done on 1 (original), 5, 10, 15, 30 and finally
60 seconds. As seen in figure 5.7, the change of set-point is followed by actual RPM’s in
about 30 seconds to maximum of about. This is the reason a maximum of 30 seconds is
chosen for this variable in this test.

The effects of this resampling on the data can be seen in figures 5.9a to 5.9c where the
resampled segment of data from figure 5.7 is shown. Upon further inspection it can be
concluded that from resampling at 15 seconds or higher, the quality of the data is reduced
significantly. Here, real RPM data seems to lower before the set point actually does. In
theory, this would mean that the GC test results should show a measure of loss of GC
from this point onwards as well. The 10 second resample rate is therefore considered as
the balance between loss of information and condensing of data

For this part of the analysis the choice was made to include four lags in the analysis.
At the 10 second resampling rate it will ensure that the full transition of output RPM is
analysed with a margin of one lag. At the highest resampling rate (30 seconds) it would
mean that the fourth lag will determine GC from in- to output two minutes away. This is
done to find what the effect is of looking beyond the perceived relationship. Lags may be
added or removed in later stages.

Choice of length of the test

All tests were conducted between 10 : 25 and 10 : 35 which means that the total length of
the tested area amounted to ten minutes. Depending on the resampling rate this means
that the length of the test varies between 600 samples at 1 second resample rate to 20
samples at the 30 second resampling rate.
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(a) Resampling at 1 and 5 seconds

(b) Resampling at 10 and 15 seconds

(c) Resampling at 30 and 60 seconds

Figure 5.9: Resampling of sensory data with rates from 1 to 60 seconds
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GC testing results

All GC results are listed in the tables 5.1 to 5.5. A significance level of 0.05 is defined as
discussed in section 4.1.2 . Again, if the test results in a value lower than this threshold
the hypothesis that a GC relation exists can not be rejected. Therefore, a Granger causal
relation may exist.

The first table, table 5.1, shows the relationship between the original data and the set
point. Then, table 5.2 to 5.4 show results with the used filters and then finally, table 5.5
shows the relationship the other way around. If the theory works it should show p-values
exceeding 0.05.

Table 5.1 shows that an GC relation exists. All values up to an resampling rate of
10 seconds are zero. Then, looking at resampled data at 15 seconds, the results increase
marginally. At 30 seconds, the results in table 5.1 are the highest. Interestingly, on lag
four the apparent relationship is stronger again. This could be explained by the overall
loss of coherence in data [16]. An indicator for this is that in table 5.5 the p-value at lag
four in the 30 second resample column is lower than the set threshold as well.

Table 5.1: GC from SETPOINT_TOERENTAL_PEM_SB to TO-
ERENTAL_PEM_SB

resampling rate (s)
Lag (j) 1 5 10 15 30
1 0.0 0.0 0.0 0.000011 0.004005
2 0.0 0.0 0.0 0.000133 0.024278
3 0.0 0.0 0.0 0.000836 0.026435
4 0.0 0.0 0.0 0.002533 0.000325

Looking at the filtered results, table 5.2 shows the effect of the MAF filter. Here, the
p-values are considerably lower in the 15 second resampled column. The added lag caused
by the MAF filter is the explanation of this. In table 5.3 the LPF filtered results are very
similar to the original data while the LOWESS filter results in table 5.4 are different. The
before mentioned effect of the LOWESS filter on the original data has increased p-values
in columns resampling data a 5 and 10 seconds. While the values are still well below the
threshold it should still be noted.

Table 5.2: GC from SETPOINT_TOERENTAL_PEM_SB to TO-
ERENTAL_PEM_SB_MAF

resampling rate (s)
Lag (j) 1 5 10 15 30
1 0.0 0.0 0.0 0.0 0.000063
2 0.0 0.0 0.0 0.0 0.000455
3 0.0 0.0 0.0 0.000004 0.000520
4 0.0 0.0 0.0 0.000028 0.0
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Table 5.3: GC from SETPOINT_TOERENTAL_PEM_SB to TO-
ERENTAL_PEM_SB_LPF

resampling rate (s)
Lag (j) 1 5 10 15 30
1 0.0 0.0 0.0 0.000006 0.001882
2 0.0 0.0 0.0 0.000318 0.009825
3 0.0 0.0 0.0 0.002512 0.013558
4 0.0 0.0 0.0 0.007108 0.000401

Table 5.4: GC from SETPOINT_TOERENTAL_PEM_SB to TO-
ERENTAL_PEM_SB_LOWESS

resampling rate (s)
Lag (j) 1 5 10 15 30
1 0.0 0.0 0.0 0.000024 0.002920
2 0.0 0.0 0.0 0.007178 0.016843
3 0.0 0.000108 0.000046 0.078602 0.019577
4 0.0 0.000223 0.000439 0.168411 0.0

As a confirmation of the shown data, table 5.5’s results are much higher, often exceed-
ing the set threshold. Only on the first lag at the 1 second resample a p-value lower than
the threshold is found. The explanation of this could be the following; As seen in figure 5.7
the change in set-point takes about 30 seconds to be followed in the actual RPM data. In
the first lag of a 1 second resampled GC test this relation is not correctly portrayed. This
leads to the conclusion that, for this relationship a GC test should include lags higher than
the first. Or, resampling rates should be made higher such that the first lag is distanced
further away.

Table 5.5: GC from TOERENTAL_PEM_SB to SET-
POINT_TOERENTAL_PEM_SB

resampling rate (s)
Lag (j) 1 5 10 15 30
1 0.002235 0.292826 0.387168 0.869672 0.547745
2 0.188880 0.624912 0.716901 0.730004 0.801005
3 0.751243 0.691054 0.941682 0.722649 0.913367
4 0.704881 0.408959 0.963906 0.776231 0.046003

5.1.5 Preliminary conclusions

Section 4.1 laid out four goals for the exploratory analysis. With the visualisation and
acquisition of data the first two of these are met. Goal number three, regarding the per-
formance of the GC test showed that a GC relationship can be found between an observed
in- and output. Furthermore, a distinction can be made between a GC test from in- to
output and the reverse of this. Resampling of data is possible, however, resampling at
rates higher than 15 seconds may be unwise as information is lost.
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Therefore, in further application, which is the application of fault detection over larger
periods of time, a resample of the data with a rate of 10 seconds or lower is taken. From
all used filters, the LPF’s results mimic the original data the best. However, since the
differences are minimal the choice may be made to not implement a filter at first.
Following from the reverse tests, the first lag at a 1 second resampling rate may not be
useful. The same can be said for the use of lags too late or at too high resampling rates.
The resampled dataset showed that when far enough GC can be found going both sides.
In abnormal behaviour, higher GC test results are expected within about 30 seconds.

The number of samples taken in each test depended on the resampling rate chosen. Here,
again the conclusion is made that the resampling rate had most influence on the results
of the test. F -statistics where all sufficient for the test, however, where low for the 30
second resampling test indicating that the hypothesis, although rejected, was done so with
little statistical certainty. Therefore, a minimum of 40 data-point is taken, derived from
the 15 second resampling rate tests. The conclusions on proposed settings, resampling
rates and filters only apply on this application with this particular in- and outputs. As
section 5.2 includes more applications the settings of the test may change. However, for
this application these findings are applied initially.
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5.2 Fault detection using Granger causality

The following section addresses 3 applications of the fault detection technique:

1. BSMI 1214 set-point RPM to RPM: The first application should lead to the best
performance of the fault detection method. The in- and output parameters are
related most closely. Also, the exploratory analysis showed that a strong Granger
causal relationship exists from the input towards the output.

2. BSMI 1214 set-point RPM to POWER: In the second application the goal is again
to achieve a well functioning fault detection method. Now the power (VERMOGEN)
parameter is used. Although assumed to be causal, it can already be seen in figure
5.10 that the data is much more unstable. Therefore, it is assumed that performance
of the detection method could lead to a lower level of performance.

3. BSMI 1214 RPM to POWER: The correlation matrix showed that these parameters
are highly correlated. To verify that correlation is indeed not the result of a close
causal relation, the final application is meant to verify that both of the output pa-
rameters indeed follow from the single input parameter. If the detection method is
working correctly the test should show a low accuracy and low performance level
(low F1-score).

In this section again data is used from BSMI 1214. The same week-long dataset as seen
in figure 5.5 is now subjected to a fault detection method as previously laid out in section
4.2.1. Figure 5.10 shows only the parameters tested in this section. In all F -tests conducted
in this chapter resulting P -values have been verified using the F -statistics.

Figure 5.10: Data used for the various test cases
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5.2.1 Visual inspection of the dataset

Before fault detection can take place with the proposed method, a visual inspection of
the data will point out what number of faults exist in the dataset. In total, 177 set-point
changes are detected of which eventually 40 are found to show a visual loss of GC. The
number is significant, however, a large portion of cases can be attributed to an error in the
IPMS’s data logging. This means that two kinds of loss of GC exist:

1. Set-point 0 errors: 32 of these errors are found in the data. These are the moments
the set-point seems to stall at 1250 RPM during idle time while the actual output
drops to 0. The loss of GC is very prominent here as the difference between in- and
output parameters becomes very large. A error is identified at the start and end of
an idle moment.

2. Potential faults: 8 are found in total. The potential faults are cases that are of
most interest. At these moments GC is lost due to a possible malfunction. To give
an example, figure 5.12 shows three examples of moments of potential fault in the
system. In the first two cases input parameters diverge from the input parameter
during or around a set-point change. In the third case a fault happens at a moment
when the input value remains static, still both the power and RPM parameters show
either a spike/dip at that particular moment. All remaining potential faults can be
found in appendix D.

Figure 5.11 shows the same, before mentioned dataset now including all 40 cases of loss
of GC. The set-point 0 errors are plotted as black-dotted lines and are relatively equally
divided over time. Potential faults occur less often, more notably, in very close proximity
at one point in time listing 5 of the 8 in total between a time frame of 2 hours at the end
of day five. The potential faults are depicted in red, stripped lines.

Figure 5.11: A plot showing all visually identified cases of loss of GC
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Figure 5.12: Three examples of visually identified faults in the dataset.

5.2.2 Application 1: BSMI 1214, set-point RPM t RPM

Figure 5.13 offers a visual representation of the results. Due to the effectiveness of the test
only the unidentified or falsely identified problems in the dataset are plotted.

Test settings and results

All used settings for this test are listed in table 5.6. All testing parameters are shown in
the top section of the table. The total length of the test is expressed by both the total
amount of time (in seconds) and the amount of data points (n). Most interesting in the
table are the overall accuracy and performance (F1-score) of the fault detection method.
An accuracy of 98% (0.98) is concluded and a F1-score of 96% (0.96), Also notable, the
precision reaches the maximum of 100% (1) showing that the detection method never
marked normal behaviour as an anomaly.
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Figure 5.13: Results of the first fault detection test showing only the unidentified
cases of loss of GC

Table 5.6: Settings, results and evaluation metrics from test 1 in application 1

Fault detection: BSMI 1214 Setpoint RPM to RPM (test 1)
Test setting Value

Resample rate (s) 5
Data points before set-point change (n) 30
Data points after set-point change (n) 30

Total length of test (n, s) 60, 300 seconds
Filter no

Lags used (j) [1, 2, 3, 4]
Significance level (-) 0.05

Test results Total Potential faults Set-point 0 errors
Pvisual 40 8 32
PF−test 37 5 32
Nvisual 137 - -
NF−test 140 3 -

Confusion matrix result Evaluation metrics result
TP 37 Accuracy, A 0.98
TN 137 Precision, P 1
FP 0 Recall, R 0,93
FN 3 F1-score, F1 0.96
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Analysis of unidentified faults

Three potential faults remain undetected: one halfway day two and two at day five. Look-
ing at figures 5.14 and 5.15 both sections are shown in more detail. At day two, at 09 : 02,
shown in figure 5.14, Input RPM drops just before the change in set-point to which it spikes
to the before set level to then act normally again. The figure also shows the boundaries
of the F -test conducted at that time. One possible reason for the method to no detect
this fault could be the reaction to the set-point change. At the moment of the change, the
causal relationship is regained again very quickly which could lead to the F -test resulting
in the conclusion that actually a causal relationship does exist. Further analysis is needed
to draw conclusions in this regard.

The other two are found on day five in the same area as the one pointed out in sec-
tion 5.2.1 as the location where five potential faults are found. A section of the dataset is
shown in figure 5.15 where two potential faults remain undetected. First of all it should
be noted that the potential faults at around 18 : 12, 18 : 21 and 18 : 55 are detected
successfully, therefore these are marked in green in the figure. At 19 : 01 the same reason
for identification could be concluded as at day two. Here, the output RPM value regains
a causal relationship almost instantly at the set-point change. Again, further research is
needed to draw conclusions. At 19 : 30 the reasoning is much more simple: Due to the fact
that only a small area is included in the F-test at the moment of a set-point change, no test
contains area of time at which this fault occurs. The fault occurs more than ten minutes
before or after a set-point change while the tests only include five minutes of data. This
shows the limitation of the method by only testing for GC at times of an input change.

Figure 5.14: Zoomed in section of the data showing an undetected fault
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Figure 5.15: Zoomed in section of the data where two potential faults remain
undetected.

Analysis of resulting P-values

To get a better understanding of the test results an calculation is made on the resulting
P -values for all tested lags at times of a detection of loss of GC. Table 5.7 shows the
average resulting p-value per analysed lag for both the set-point 0 errors as well as the
potential faults. The goal is to see how these two cases of loss of GC differ in their F -test
result.

First of all, for the set-point 0 errors all resulting values are very high. This means that
the F -test concludes with a high amount of certainty that no GC relation exists between
the in- and output. For every analysed lag the P -value seems to increase considerably. At
lag it is about six times smaller than at lag four. A possible explanation for this could be
that the system is functioning properly at the start of the set-point change. However, over
time, as the in- and output parameters diverge further due to the error, the loss of GC
becomes increasingly more apparent.

For the potential faults, a large difference exists between the P -value in the first lag as
opposed to the later ones. The average of the first lag is about 3 times higher than later
ones. This could be the result of potential faults being an a-typical reaction to a set-point
change. Normally, the relation should be almost instant as was found in the exploratory
analysis. At potential faults this is clearly not the case anymore.

Two of the three undetected potential faults are listed in the table as well. Here it can be
seen can again, P -values are highest in the first lag with the notably high P -value of lag
one at 02 09 : 02 . Here a decrease of significance level to 0.01 could ensure that this fault is
detected as well. At 05 19 : 01 the results are very low, all well below the significance level
of 0.05. It seems that at that moment, the F -test shows that there is a causal relationship.
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Table 5.7: average resulting P -value per type of detection in application 1: Set-
point RPM to RPM

Average lag value Lag (j)
Type loss of GC 1 2 3 4
Set-point 0 error 0.0835 0.2924 0.4178 0.5406
Potential fault 0.3162 0.1102 0.1417 0.1261
02 09:02 0.0304 0.0080 0.0003 0.0000
05 19:01 0.0002 0.0000 0.0000 0.0000

Adjustment of test settings for a second test

Of the eight potential faults five where detected in the first test. Considering the goal
of the research the determination was made that this is result is not yet sufficient. The
analysis of the test results found that potential faults are found most prominently in the
first lag. This follows from the high average P -values in this lag. With this knowledge
a second test will be conducted which is focused on the first lag. Also the significance
level will be lowered to 0.01 from 0.05 to increase the possibility of finding new potential
faults. Furthermore, only taking the earlier lags in the second test and retaining the same
(or higher) F1-score will also result in an reduction of computation time without cost of
performance.

Results of second test

Table 5.8 shows the change in setting and the new results. only lags 1 and 2 are taken into
account. Figure 5.16 shows the dataset again, now with the improved test settings applied.

With the changes made to the test parameters, the F1-score has increased to 97% (0.97).
The only remaining undetected faults observed at 19 : 01 and 19 : 30 in figure 5.15. At
19 : 01 the decrease of the significance level did not result in the detection of the fault.
since the length of the test was not altered it again meant that the fault at 19 : 30 did not
occur in the scope of any of the F -tests and was therefore, again not detected. Nonetheless,
the increase of performance concludes that the second test is more successful.

Length of the test

In test one and two the total length of the F -test is 60 samples. A trade off exists in this
regard: The more samples are taken in a single test the lower the resulting P − values are
overall. Because the anomaly in any cases is only a fragment of the total test, the longer
the test the smaller the relative part of this anomaly. On the other hand, the shorter the
test, the higher the chance an anomaly is not found at all. Also, shortening the test has
the increased chance of reducing the F -statistic to a degree that F -tests are made invalid.
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Figure 5.16: Results of the second fault detection test for application 1 showing
only unidentified faults

Table 5.8: Settings, results and evaluation metrics from test 2 in application 1

Fault detection: BSMI 1214 Setpoint RPM to RPM (test 2)
Test setting Value

Resample rate (s) 5
Data points before set-point change (n) 30
Data points after set-point change (n) 30

Total length of test (n, s) 60, 300 seconds
Filter no

Lags used (j) [1, 2]
Significance level (-) 0.01

Test results Total Potential faults Set-point 0 errors
Pvisual 40 8 32
PF−test 38 6 32
Nvisual 137 - -
NF−test 139 2 -

Confusion matrix result Evaluation metrics result
TP 38 Accuracy, A 0.98
TN 137 Precision, P 1
FP 0 Recall, R 0,95
FN 2 F1-score, F1 0.97
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Conclusions: Application 1

The following conclusions may be drawn from the first application of fault detection.

1. Fault detection is very much possible in the chosen dataset using the initial settings
found in the exploratory analysis. As expected, the strong causal relationship meant
that losses of GC could almost all be discovered.

2. Further insight in resulting P -values showed that potential faults where most visible
in the first time lag. The probability of concluding no causal relationship was high-
est there. This led to the conclusion that selection of lags is possible as the test’s
performance was improved while decreasing computing time.

3. Faults that are undetected initially are characterized by output values regaining
causality quickly at the moment of a set-point change.

4. The reduction of the significance level could improve the overall performance of the
fault detection test.

5.2.3 Application 2: BSMI 1214, set-point RPM to POWER

In the second application, data from BSMI 1214 is again taken. Figure 5.17 shows the data
used in the second application. Contrary to the first test conducted in the first application,
a considerable number of faults are left undetected, While most 0 RPM errors are detected
a number of these errors are not found my the detection method. Moreover, only one
potential fault is found correctly. Two are marked falsely leaving seven undetected faults.
All results are seen in figure 5.17. Table 5.9 shows the test settings and results.

Figure 5.17: Results of the first fault detection test for application 2
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Test settings and results

Two settings where chosen differently from the first application. Both the number of data
points taken for the test before and after a set-point change where increased. Also, a low
pass filter was applied to the power output data. The reasoning for this is that upon visual
inspection of the data it was seen that the power parameter was much more unstable and
less overall dependent on the input parameter. The added length and application of a
filter, would, in theory prevent the unintentional marking of potential faults caused by the
aforementioned variance of the power data.

With an overall F1 score of 78% (0.78) it can quickly be concluded that the test is less
effective than the ones conducted in the first application. The loss in performance can be
attributed mostly by the low recall score of 68% (0.68).

Table 5.9: Settings, results and evaluation metrics from test 1 in application 2

Fault detection: BSMI 1214 Setpoint RPM to Power (test 1)
Test setting Value

Resample rate (s) 5
Data points before set-point change (n) 40
Data points after set-point change (n) 40

Total length of test (n, s) 80, 400 seconds
Filter yes, LPF

Lags used (j) [1, 2, 3, 4]
Significance level (-) 0.05

Test results Total Potential faults Set-point 0 errors
Pvisual 40 8 32
PF−test 29 3(1) 26
Nvisual 137 - -
NF−test 150 7 6

Confusion matrix result Evaluation metrics result
TP 27 Accuracy, A 0.92
TN 135 Precision, P 0.93
FP 2 Recall, R 0.68
FN 13 F1-score, F1 0.78

Analysis of falsely and unidentified losses of GC

The current performance levels are considered insufficient. Therefore, a second, adjusted
test will be set up. To correctly change the settings of the test more insight must be gained
on the precise reason for failure of correct detection. Figures 5.18 and 5.19 show two, very
different, moments where the detection method has failed.

Figure 5.18 shows an undetected 0 RPM set-point error found around 15 : 40 on day
six. The power output generally follows the input parameter until about 15 : 39. Then,
the power output is seen to decrease. Afterwards is spikes shortly before falling to zero.
The RPM input stalls at around 1250. Apart from the decrease in power output seen prior
to the short spike it can be concluded that actually the power output does seem to be
Granger caused by the RPM set-point. Before falling to zero, a small spike is seen almost
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identical to the set-point input, also the fall of power output is just as pronounced as the
fall in input RPM. Over the entirety of the test area causality is visually present almost
the entire time except for a small moment before the visually perceived error.

Figure 5.18: Zoomed in section of the data showing an undetected RPM-0 error

In the second case, in figure 5.19 a potential fault was marked at 02 21 : 27, visually, no
record of an potential fault is made. Upon inspection it was concluded that indeed no fault
is found here. As is notable with the power output in the entire dataset, values tend to to
take longer to find a new equilibrium after a set-point change. This is seen between 10 : 23
to 10 : 27 where power output falls considerably after a very substantial increase of RPM
input. As the test area shows, This reaction of the power output is taken into account
by the F -test while the increase of RPM input is falls outside the boundary. Possibly,
reducing the length of the test will reduce this phenomenon.

Figure 5.19: A section of the data showing a falsely detected potential fault.
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Analysis of resulting P-values

Just like in application one, an analysis of resulting P -values is needed to improve perfor-
mance of a second test. Table 5.10 shows that again, potential faults are detected mainly
because of high P -values found in the first lag. This time however, the same is the case
for the set-point 0 errors. The resulting P -values for the undetected error at 06 15 : 40
are almost all zero except for in lag three where it is minimal nonetheless. The F -test
is thus unable to find this error which is not very surprising as figure 5.18 showed that
generally the behaviour looks to be causal. In the second test, the significance level is
again lowered to 0.01 which could improve detection for other cases. At this moment, the
assumption is that the reduction in significance level will not result in detection of the error.

Upon further inspection of the data the conclusion is made that the power parameter
reacts differently to a change in set-point as opposed to the RPM output parameter and
thus likely will not show GC in the first lag as the power output parameter rises or falls
to an equilibrium after an set-point change. This is the conclusion made from the falsely
identified fault in figure 5.19. Therefore, lag one is removed from the test and a fifth lag is
added, thereby shifting the window of the analysis one lag.

Table 5.10 also shows an undetected fault at 02 03 : 19 which was (correclty) detected
in application one. The highest resulting P -value is found in lag four which might indicate
that anomalies in the data are found at places where the power output is unable to find
an equilibrium at a longer distance from the set-point change.

Table 5.10: average P -values per type of detection in application 2

Average value Lag (j)
Type loss of GC 1 2 3 4
Set-point 0 error 0.5788 0.3633 0.3463 0.2257
06 15:40 0.0000 0.0000 0.0002 0.0000
Potential fault 0.1967 0.0115 0.0053 0.0080
02 21:27 (falsely detected) 0.4973 0.0000 0.0000 0.0000
06 03:19 (undetected) 0.0264 0.0083 0.0256 0.0470

Application of adjustments on second test

The following changes in test setting where applied for the second test: The F -test was
applied to lag two to five instead of one to four shifting it one lag. The length of the test
was decreased to a total number of data-points again being 60 and the significance level
was again decreased to 0.01.

With the application of adjustments on the F -test settings an improved result may be
seen in table 5.11. Also figure 5.20 shows the results. Still, an considerable number of
potential faults are not detected by this test. However, none are detected falsely anymore
following from the shortening of the test. Also the amount of undetected 0-RPM errors
has fallen.

Overall, the F1-score of the test was increased from 78% (0.78) to 88% (0.88). This
is mostly resulting from the increase of true positives (TP) going from 27 to 31. Also,
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precision was increased again to 100% (1) showing that the test no longer results in false
detection of loss in GC.

Figure 5.20: Results of the second fault detection test for application 2

Table 5.11: Settings, results and evaluation metrics from test 2 in application 2

Fault detection: BSMI 1214 Setpoint RPM to Power (test 2)
Test setting Value

Resample rate (s) 5
Data points before set-point change (n) 30
Data points after set-point change (n) 30

Total length of test (n, s) 60, 300 seconds
Filter yes, LPF

Lags used (j) [2, 3, 4, 5]
Significance level (-) 0.01

Test results Total Potential faults Set-point 0 errors
Pvisual 40 8 32
PF−test 31 3 28
Nvisual 137 - -
NF−test 146 5 4

Confusion matrix result Evaluation metrics result
TP 31 Accuracy, A 0.95
TN 137 Precision, P 1
FP 0 Recall, R 0.78
FN 9 F1-score, F1 0.88
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Conclusions: Application 2

Again, some conclusions may be drawn from the second application:

1. A reduction of performance in the fault detection test is concluded in the second
application, the reason for this is most likely the weaker link between the in- and
output parameters. The power parameter showed an tendency to take longer to reach
and equilibrium after an set-point change with an visual spike of power output when
for instance, the RPM set-point was increased.

2. The removal of a lag of the analysis (number one) improved the precision of the test.
Due to the less strong link between the two parameters a higher degree of non-GC
was found in this lag, even at moments of normal functioning.

3. The length of the test was taken to be longer in the first test but proved adverse
in localizing faults in the system. It resulted in taking data ’out-of-context’ on its
fringes.

4. New selection of lags improved performance as well as the reduction of test length.
A filter was applied in both tests which prevented the false detection of more faults
in the system.

5.2.4 Similarities between undetected faults and 0 RPM errors in ap-
plication 1 and 2

Now that both applications of the fault detection method have been concluded, a compar-
ison between the detected and undetected faults is made to show where the F -test, and
more broadly fault detection using GC succeeds and falls short. In figure 5.21 shows three
cases where the three parameters in analysed are shown at locations of visually detected
faults. The test boundaries of the F -test are shown (blue lines) at the right location (red
line). Figure 5.21a and 5.21b show that faults are detected in both applications. Here, it
can be concluded that loss of GC is mostly detected by an a-typical reaction at the location
of a set-point change. In figure 5.21a both parameters are already decreasing and show
only a late response to decrease in set-point. This is the same case for the second figure.
At the set-point increase both output parameters react at a much slower rate.

In the third case (figure 5.21c) the change of set-point causes both parameters to re-
act correctly. The power output even follows the short dip in RPM input. This location
was marked however, since both parameters show unusual behaviour between 18 : 56 and
19 : 01. even tough this is shown in the test’s boundary to a considerable extent still no
loss of GC is found. Therefore, the following can be stated: If the output variables react
correctly to an change in input, no loss of GC will be registered, even when prior to the
set-point change a-typical behaviour is shown.

This effect may come from both the structure of the regression model used to test GC
as well as the type of data used as the input parameter. Because the F -test measures
the improvement of prediction between the univariate vs the bivariate autogression model,
having a static parameter such as the set-point RPM parameter means that the error re-
mains static, moreover does not increase. During the test, this means that even tough, the
output RPM and power show an anomaly, if the input parameter remains static during
that time, the F -test will not show any improvement nor degradation of the prediction.
Then, when a set-point change does occur and the output parameters do show a Granger
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causal relationship as expected, overall GC is concluded and the anomaly before the set-
point change remains undetected. F -statistics are low in this cases which does show that
the strength of the GC is not strong. Still the null-hypothesis is rejected.

(a) Fault detected in both applications

(b) Fault detected in both applications

(c) Fault detected by neither applications

Figure 5.21: Three examples of identified faults either detected (figure 5.21a,
5.21b or not detected (5.21c) by the fault detection method

5.2.5 Application 3: BSMI 1214, RPM from/to POWER

The third and final application is done between output RPM and output POWER. The
goal of this application is to verify that GC between two output variables is most likely
not present. The correlation matrix showed a strong relationship between the two param-
eters. Moreover, the GC matrix showed bidirectional GC. The assumption here is that a
common-cause issue exists. A single test is done on the data in both directions of testing.
Both with the RPM parameter as input and again as output. Below in table 5.12 both
these tests are shown. No set-point 0 errors can be detected as the set-point is not tested
in this application.
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F -tests are again only conducted at the moment of a set-point change. This is done
to make sure results can be compared to the visual analysis of the dataset as well as to
simplify the exact locations of where the F -tests must take place.

Looking at the results in table 5.12, both setting and results from the tests (in both
directions) are shown. The overall conclusion is that performance of the test is very low.
By sheer luck, almost all faults are found by both tests which result in high recall values.
Nonetheless, resulting F1-scores are low resulting from hte very loww precision of the tests.

Table 5.12: Settings, results and evaluation metrics from test 1 in application 3

Fault detection: BSMI 1214 RPM from/to Power
Test setting Value

Resample rate (s) 5
Data points before set-point change (n) 30
Data points after set-point change (n) 30

Total length of test (n, s) 60, 300 seconds
Filter no

Lags used (j) [1,2, 3, 4, 5]
Significance level (-) 0.05

Test results Total Potential faults Set-point 0 errors
PV isual 40 8 32

PRPM→Power 161 88 78
PPower→RPM 143 76 67

NV isual 137 - -
NRPM→Power 16 2 -
NPower→RPM 34 3 -
RPM→ Power

Confusion matrix result Evaluation metrics result
TP 38 Accuracy, A 0.26
TN 14 Precision, P 0.23
FP 123 Recall, R 0.95
FN 2 F1-score, F1 0.37

Power → RPM
Confusion matrix result Evaluation metrics result

TP 37 Accuracy, A 0.39
TN 42 Precision, P 0.27
FP 95 Recall, R 0.93
FN 3 F1-score, F1 0.41

Figure 5.22 shows the relationships between the three analysed parameters. The figure
shows that as an input variable, GC exists from the set-point RPM variable to the output
RPM and power variables while the other way around this is not found. Hence the one-
way pointing arrows. Between the output power and RPM variables correlation exists.
Naturally in both directions. However, no GC is present here as both are caused by
the same input parameter. This example shows how GC can be applied in a mechanical
environment and can successfully show the relationships between variables.
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Figure 5.22: Concluded relationships between variables in BSMI 1214

5.2.6 Linking SAP events to the results of the fault detection method

The fault detection method has found a number of cases where the in- and output param-
eters have found to be functioning in an atypical manner. Mostly around the fifth day
where, using the test results from application 1, three faults where detected. To find out if
these cases of loss of GC have actually led to a maintenance action on the ship, the SAP
database is consulted. One entry within a week after the dataset a entry is made concern-
ing the inability of the system to react to changes in input settings. Although insufficient
information is given on the particular dates and components involved, it can be concluded
that a link can be made between the events and the faults detected by the method. Next
to this, the possible link also demonstrates that datasets can indeed be selected using the
selection method in chapter 3, however, more information is again needed on the SAP
event to find out to what extent this is true.
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Chapter 6

Conclusions, Discussion &
Recommendations

Following the results, conclusions, a discussion and recommendations will be given. The
conclusions aim to answer the identified sub- and main research question. A discussion
will put forward the scientific relevance and achievements of the thesis. Finally, recom-
mendations are given for further research as well as for application of the study in the
RNLN.

6.1 Conclusions

As the RNLN undergoes a large modernisation effort the need for new SM techniques with
the goal of improving the availability of the new generation of ships. A part of its fleet
consists of the so-called OPV, which is a vessel used in a wide range of applications. This
thesis’s main research question therefore addresses the functionality of one technique;

To what extent can Granger causality be applied on available data from current
oceangoing patrol vessels at the Royal Netherlands Navy with the goal of implementing

smart maintenance?

Before conclusions can be drawn on this question itself, first, all five sub-questions are
addressed:

What data is currently gathered and stored on the oceangoing patrol vessels?
An onboard system called the IPMS is used to manage operations. Data logged during
operations may also be saved in one central area using this system. A large number of
sensors are outfitted on the ship providing enough data for further analyses. Using a cod-
ing system called BSMI sensors are labeled based on their system code. Every code, or
system, comprises of a number of sensory output but may also contain input values.
Maintenance actions are registered in the SAP. Faults in a particular system are registered
here by the crew. SAP information comprises of documentation during failure, however,
adjustments to systems are also recorded. The BSMI system is again used for the coding.
Data is stored on hard-drives onshore. Using an in-house created application called DINO
datasets can be extracted for further analysis.
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How can possible use-cases to test Granger causality be selected on the ocean-
going patrol vessels based on their maintenance history and sensor data avail-
ability?
SAP and IPMS data was collected for all BSMI codes on the one of the RNLN’s OPV’s
over an extended period of time. An newly defined index was created including, sensor
as well as maintenance data which guided the selection of datasets to analyse. A timeline
highlighting crucial areas was created as well showing periods with high number of correc-
tive maintenance actions. The three use-cases selected where BSMI 1471, 1214 and 1331
as the simple, intermediate and complex use-cases respectively.

How is the Granger causality test applied in this data environment and what
variables are involved in its application?
Resulting from the selection of use-cases a dataset was analysed on GC, namely BSMI
code 1214 which is part of the drive train. Proving to be rich in data this was the only
analysed use-case. For the GC test to be applied correctly, the following has to be taken
into consideration:

1. Two time-series have to be selected of which one is a input and the other the output.
It should be clear before testing what relation is expected, thus which is which. This
will determine whether the GC test is applied successfully as it allows the testing of
GC in both directions verifying the result.

2. Selection of lags. GC is based on the prediction of values based on previous values
in a time-series. Selection of the number and location of these lags is vital in the
analysis and is based on the perceived relationship between the input and output
sensor.

3. When testing a longer dataset on GC, bidirectional GC was found in many cases.
The GC test is therefore not suitable to test on a large dataset. Its use can be
demonstrated when tests are done on a smaller scale with a minimum of 20 data-
points. However, in practice a standard of 60 points was taken for each test to ensure
statistical significance.

Testing GC done using F -tests. The F -test calculates the reduction of error predicting
values of one time-series when added previous values of the same and another time-series.
Here the initial time-series is the perceived output sensor time-series and the added is the
perceived input sensor time-series. Two measures determine the GC relationship:

1. The P -value: As the F -test is based on a null-hypothesis that describes no Granger
causal relation is present, a probability value expressed in percentage which deter-
mines whether to accept or reject the hypothesis. A significance level must be picked
which determines this. If the result is lower than the significance level the hypothesis
may be rejected and GC is concluded.

2. The F -statistic: This is the measure of reduction of error when calculating the next
value in the time-series of a bivariate regression model as opposed to the univariate
regression model. It is based on the respective resulting errors, length of the test
(number of data-points) and number of time-lags, or delays, taken into account. The
higher the F -statistic the stronger the reduction of error which means the Granger
causal relationship is stronger.
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In the applications put forward in this thesis the following testing method
is proposed:

1. A in- and output sensor parameter is chosen from a dataset, visually, anomalies are
found between these parameters based on the assumed relationship. In the discussed
applications, GC is assumed at all times.

2. A input variable is used as a marking-point for the F -test. If the input value changes
a F -test is conduced over a set number of data-points before and after the input
change. As said, 60 data-point were taken as a default.

3. A range of lags are selected for the first test based on visual inspection of data.
Results of the test will indicate whether a change of lag-selection is needed.

4. In normal working behaviour GC is assumed. Therefore, if the result of a F -test
results in a P -value higher than the chosen significance level indicating no Granger
causal relationship, an anomaly in the dataset is marked.

5. The method is repeated over a longer period of time resulting in a list of F -tests
performed at each change in input value showing either GC is, or is not present at
that particular moment in time.

6. Performance of the tests are expressed in accuracy, precision, recall, and F1-scores.

What requirements have to be met in a dataset in order to successfully conduct
a Granger causality test?
When starting the eventual analysis. It was concluded that in order to start meaningful
testing a list of requirements in the dataset would have to be met:

1. Identifiable in- and output sensors: simple use-cases did not contain input sensor
data which prevented testing in those systems.

2. All sensor parameters should start and end at the same point in time as the method
needs two equally sized time-series.

3. The length of the to be analysed time-series should be the same as well. If length
varies between sensors they may be resized. This thesis used simple forward filling
method for the set-point input parameter as only changes in values were logged.

4. This thesis used a constant, set-point based sensor parameter as the input for its F -
tests. This made it easy to crease smaller F -tests at set-point changes to detect faults.
However, as discussed in the results chapter also had its downsides. A continuously
logged input parameter is preferred over the set-point based input as the regression
model functions better with determining the error over time in this environment.

5. When using a continuously logged input parameter, F -test may be done periodi-
cally instead of set-point change centered. More research is needed on the actual
application of a testing method like this.

6. Periods of use: Selected datasets may contain large portions of idle-time providing
little data to test the theory with. The selected dateset used in this thesis were
relatively long extending for a number of months including sometimes periods of
weeks comprising of idle-time. New datasets could be selected based on times of use
instead of just on the selected date to date.
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7. To perform one test only a short time-series is needed. As discussed this could
start from only 20 data-points depending on the contents of the data. However, to
demonstrate the fault detection capabilities, more tests are needed in one dataset.
This thesis used a week long dataset resulting in 177 tests performed over that period.
Therefore, the length of the dataset should not be expressed in time. Also, the thesis
used downsampling to reduce computing time per F -test meaning that the 60 data-
point F -tests performed generally in this thesis were actually 300 seconds of time as
data was resampled to 0.2Hz.

With what performance can faults in the system be detected using Granger
causality?
Three applications where looked at within the BSMI 1214 case. The first application tested
GC from input to output RPM,the second tested input RPM to output power and a third
tested output RPM to and from power output. The following is concluded:

1. 32 accounts of a IPMS logging error were marked by visually where in input RPM
parameter stalls at times of non-operation. At 8 moments potential faults were
detected visually of which 5 occured in close succession.

2. As expected, application one performed best with a F1-score of 0.97. In- and output
RPM were expected to show a strong Granger causal relationship hence the high
performance of the test. More importantly no false identification of problems in the
dataset were made.

3. Application two was successful as well, a F1-score of 0.88 showed that between
RPM input and power output a Granger causal relationship may also be found,
although, less strongly so. A number of faults were left undetected, but again, the
fault detection method marked no faults at wrong locations.

4. The third application showed that between the output sensor parameters no GC
exists. A low average performance of 0.39 is found on average showing that although,
the two parameters correlate strongly with one-another, they are not Granger causal.

5. Unidentified faults in the dataset are attributed to the fact that the constant values
found in the input RPM parameter result in the F -test’s inability to show non-
Granger causal behaviour at times.

6. Looking back at the dataset selection, a SAP event was recorded mentioning the exact
behaviour detected by the fault detection system. While promising, more research is
needed to definitively prove whether this means that the detection system has found
an actual problem in the system.

Overall, the conclusion is made that, depending on the link between in- and output pa-
rameter, faults may be detected at a high rate.

Following from the conclusions made for all sub-questions, a conclusion can be made
for the main research question.
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To what extent can Granger causality be applied on available data from cur-
rent oceangoing patrol vessels at the Royal Netherlands Navy with the goal of
implementing smart maintenance?

The RNLN OPV’s contain the right data gathering and storage infrastructure to visu-
alise data in various systems. The available data can be tested on GC successfully using
a created method testing an identified in- and output parameter in a system. The testing
method is able to identify anomalies in the data where a direct link between these param-
eters is defined with an performance of 0.97 to 0.88 depending on the relationship between
the in- and output proving that, in combination of the known subsequent SAP event, SM
could be implemented using GC.

6.2 Discussion

This thesis has achieved to study the feasibility of GC based SM for the RNLN. In doing
so, a number of discussion points are elaborated on further.

Use-case selection
The thesis was able to pick use-case datasets for further analysis. With the use of SAP
records and the sensor data coming from the DINO application. Next to this, all sensors
where listed based on their type and number which improves the overall selection of new
datasets.

Prove of non-GC for fault detection
In other research, the goal of the study was to prove GC existed between two time-series.
In this paper the same was done with the addition of detecting when this was no longer
the case. This method of finding the loss of the Granger causal relationship could be con-
sidered a novel application of the GC method as a means of anomaly detection.

Exclusion of lag selection method
Applications of GC testing are based on visual inspection of data. During the exploratory
segment of the results chapter a in-dept view of RPM data was used to determine what lags
are used in the analysis. The choice of selecting lags like this was made over a method like
the AIC method described in the literature study because the thought was that it would
further the understanding of the data and the GC method. If AIC was applied without
having extensive experience using the F -test, a multitude of mistakes in its application
could be made without proper reasoning behind them.

Creation of test setup
Because the input parameter used was constant with only the changes in set-point being
monitored, this called for a testing method based around these set-point changes. Initially
the thought was that, like in similar research, a test would be executed over period leading
to insights in GC between the two parameters. In this case, F -test had to be applied at
very localized areas as the constant input value would otherwise distort the outcomes of
the F -test.

Application of GC monitoring over time
If a non-constant input paramerter were selected it would allow for the F -test to be con-
ducted periodically. In this way a test could be done every x minutes resulting in a constant
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evaluation of the Granger causal relationship over time. Again with the assumption that
GC should be present at all times between the in- and output parameter, a loss of GC
may be detected at the moment it happens. This thesis had picked the constant set-point
based input parameter which constrained it from applying this theory. It therefore had to
rely on the localized F -tests instead.

6.3 Recommendations

6.3.1 Further research

Application on more parameters
In the current application GC tests were conducted between Input RPM and output RPM
and power. Another output parameter is temperature. GC testing could be applied here
as well.

Application on more datasets/BSMI codes
In extension of the first point, the research could be extended by analysing more datasets
in the same BSMI code or by analysis new parameters in another BSMI code. An ex-
tra analysis of the Granger causal relationships between parameters in another year could
prove the use of GC as a means of anomaly detection further. The addition of testing
the same types of parameters in a different BSMI code may also prove the versatility and
usefulness of the method. For instance, a BSMI code containing RPM and power output
data could be tested upon to show GC there as well.

Extension of lag selection
In order to create a more generic method of testing GC in other data environments in
the RNLN, the application of a lag selection method as mentioned in the literature study
should be considered.

Indentification of failure indicators-sensors
At this point no link has been made between failure modes and sensors within the systems
on the OPV. With the use of the SAP records in addition to further research on the
systems’ components, indicator sensors could by identified. This would result in a similar
approach as used in a study put forward in the literature study [25].

Analysis of Periodic GC testing
For testing in larger datasets the choice was made to test GC at every set-point change of
the input parameter. If, in a different system no such constant input-parameter is present
it could be wiser to apply a GC test periodically. For instance, if the input parameter is
the power output of a drive-train system and the output parameter is the temperature a
test could be performed every ten minutes to verify that the Granger causal relationship
is still correct.

Creation of a multivariate regression model
At this stage only a bivariate regression model was used of the fault detection method.
With the creation of a multivariate regression model, more than one input parameter
could be used to predict the output parameter. To implement this, a different, most likely
complex, system is needed which included these multiple input parameters.
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6.3.2 Recommendations for the RNLN

Improvement SAP records
To aid in further research the contents of the SAP record could be expanded. More doc-
umentation should be provided to correctly determine the cause of failure after it has
happened. Examples of improvements could be: Reason of replacement of a certain part,
documentation of damage endured by the system, exact date of first detection or progres-
sion of failure. This added information could lead to a more focused GC analysis. Also,
datasets may be selected more precisely as more insight is available in the failures involved.

Further case-studies
The current applications are all conducted in the BSMI 1214 system. The RNLN could
apply the GC testing method on a number of other systems. The systems are already
identified and ranked by this study.

Data management on the OPV’s
When extracting data from the DINO application the following additions to the data
management system could be made:

1. Visualisation of idle-time on-board. To more conveniently select datasets for further
inspection it could be useful to highlight moments of use of the ship over time. Data
is available from 2016 onwards, however, large parts of data are filled with ’empty’
data.

2. Frequency of logging: The GC test are generally conducted on data which was down-
sampled from 1 Hz to 0.2 Hz. All of the parameters involved are logged at 1 Hz
which, in case of temperature sensors, for example is very frequent. To safe storage
space and improve processing speed of analyses this could be addressed.

3. Creation of timelines involving SAP data: The selection of use-cases based on main-
tenance actions put forward in this thesis is already applied to all BSMI codes on
the OPV. The timelines combining including the SAP data is only created for the
selected systems. Timelines such as these are found to be an useful tool in picking
datasets for further analyses. The DINO application could benefit from visualisation
of SAP data where the entirety of SAP documentation is listed in the timeline as
well.
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Appendix A

SAP events recorded at the RNLN

Figure A.1: All types of events recorded at the RNLN
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Figure A.2: All types of events recorded at the RNLN
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List of sensors in BSMI codes
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Appendix C

Timelines of events in BSMI codes

Figure C.1: Timeline of BSMI 12129 showing events and points of interest

Figure C.2: Timeline of BSMI 1214 showing events and points of interest with
highlighted locations of datasets

Figure C.3: Timeline of BSMI 1331 showing events and points of interest
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Appendix D

All visually found potential faults

Figure D.1: All visually identified faults in the dataset.
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APPENDIX D. ALL VISUALLY FOUND POTENTIAL FAULTS Thesis report

Figure D.2: All visually identified faults in the dataset.
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