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Abstract
Marine Renewable Energy (MRE) has significant potential to contribute to global energy security
and sustainability. However, the high initial Levelised Cost Of Energy (LCOE) of MRE, as well as
issues with survivability and reliability, present challenges for its commercialisation. Predictive
maintenance using Condition Monitoring Systems (CMS) addresses these challenges by improving
availability and reducing operational expenditure. This is achieved by monitoring critical subsystems
for the detection and prediction of faults and allowing for maintenance personnel to take mitigating
action prior to subsystem or component failure.
However, the design and application of CMS in MRE is not standardised due to the relatively
nascent operational experience in the sector, as well as the great variety of Wave Energy Converter
(WEC) operating principles. Furthermore, the balance between risk monitoring and cost reduction in
CMS design is not readily accounted for in current reliability methods. A portfolio approach to
sensor selection and risk reduction is therefore proposed, incorporating a Failure Mode and Effects
Analysis (FMEA) to identify and prioritise risks versus reward. This addresses the risk-reduction and
cost-benefit trade-off in CMS design.
This thesis presents two approaches to optimise risk-management and cost-benefit associated with
a CMS sensor portfolio applied to MRE devices, using both an expert judgement, and a matrix-based
optimisation for comparative purposes. In the former approach, sensor upgrades for an articulated
WEC are divided into functional packages and expert judgement is used to determine sensor
selection for a CMS portfolio based on the practical installation requirements of the sensors.
Using the latter approach, sensor upgrades are made to the cooling system of an operational Tidal
Energy Converter (TEC). Firstly, gathered upgrade data is used in conjunction with a physical model
to observe deviation in cooling system performance. Secondly, changes in relationships between
key cooling system variables are observed across a dataset spanning 6 months. The latter approach
is found to effectively identify key application areas for sensor installation in a quantitative manner.
The addition of sensors in a risk and cost optimised CMS portfolio offers a valuable practical
compromise between: an expert’s best-guess qualitative approach (of limited comparative
experience value in new applications) and extensive lifetime operational models (unavailable or
unvalidated in MRE as data is too sparse). The risk and cost optimised CMS portfolio approach may
be extended beyond MRE and applied to other industries, particularly benefitting practitioners in
industries with relatively little experience in CMS design and operation.
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𝑨 = Rotor swept area [m2]
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1 Introduction
1.1 Research Context
1.1.1 The Commercialisation of Marine Renewable Energy
Marine Renewable Energy (MRE) provides significant resource potential and has the ability to
contribute significantly the UK’s renewable energy portfolio. Of the estimated 230TWh of wave
energy incident on UK shores per year, a practical wave energy resource of up to 70TWh per year
may be extracted [1]. Furthermore, given the favourable subsea topology of the UK’s coastal waters,
the estimated practical tidal energy resource is 20.6TWh per year, with an optimistic projection of
30.0TWh per year [2]. Together, marine energy has the potential to deliver over 10% of the UK’s
projected 360TWh annual energy consumption in 2050 [3].
The harnessing of marine energy also provides opportunities for job creation, economic growth and
energy sustainability and security. At a European level, ocean energy employment is forecasted to
increase from approximately 1,000 in 2010 to 20,000 in 2035, bringing benefits to countries not only
with port and harbour infrastructure, but also those with manufacturing and heavy industries [4].
From an energy security perspective, wave energy has been shown to complement offshore wind
energy due to differences in availability and correlation, resulting in considerably fewer hours of zero
production particularly to the West of the British Isles and in the North Sea [5].
The pursuit of wave and tidal energy is finally framed within the political motion to comply with the
Kyoto Protocol and the United Nations Framework Convention on Climate Change. In 2009, EU
Renewable Energy Directive established for its member countries a binding target of 20% of their
energy needs to be fulfilled by renewable resources by 2020, this figure was later amended in 2016
to 27% renewable energy by 2030 [6]. To meet this target, the UK established a Renewable Energy
Action Plan in 2010, which recognised the uniquely rich British marine resource and established the
intention of maintaining an industrial lead in the development of marine energy technology [7].
Significant Research and Development (R&D) effort and capital has been invested in the pursuit of
marine energy since the 1970s [8], however, development has been met with technical, political and
financial barriers throughout. This is highlighted in the UK Renewable Energy Roadmap [9], which
prioritises the need to address the risks and costs of R&D, as well as the difficulty of raising private
finance and developing supply chain infrastructure.
Despite best efforts, Wave Energy Converter (WEC) developers have not been able to cross the
‘Valley of Death’, by bringing prototype to market, resulting in industry leading technology wave
power firms entering administration ([10]–[12]). Although Tidal Energy Converters (TEC) have
1

reached a higher technology readiness level than WECs, tidal power firms encountering difficulties
and entering administration is still not uncommon ([13], [14]).
Notwithstanding these setbacks, there is continued support for both wave and tidal energy at the
Scottish, UK and European levels [15], [16]. Yet, with projected costs of 350-400£/MWh for wave
energy and 200-300£/MWh for tidal energy, multiple innovations are still required to deliver the
maximum level of cost reduction possible, without which, medium to high deployment scenarios
beyond 4GW by 2050 would be not achievable [3]. In the UK Energy Research Centre (UKERC) Marine
Energy Roadmap, a projected figure of 5-8p/kWh is required for a deployment of 10-20GW of marine
energy by 2050 [17].

1.1.2 The Requirement for LCOE Reduction
The Levelised Cost of Energy (LCOE) for a device is equal to the sum of the Capital Expenditure
(CAPEX) and discounted Operational Expenditure (OPEX) divided by the discounted Annual Energy
Production (AEP). Hence to achieve cost reduction required to deliver cost competitive LCOE,
multiple technologies must be developed to decrease CAPEX and OPEX and increase AEP.
Contributors to the overall LCOE of an MRE device are identified in Figure 1-1.

Figure 1-1 LCOE Components [18]

The Ocean Energy Systems (OES) International LCOE report summarises CAPEX and OPEX projections
from multiple developers and industry roadmaps, and identifies cost the reduction potential of each
LCOE component [19]. This report indicates current CAPEX to OPEX ratios of 70:30 and 61:39 for
wave and tidal energy respectively. After innovation, industry learning and cost reduction activities,
this is forecast to be 86:14 and 60:40 respectively [19].
To achieve this LCOE forecast, an extreme reduction of 80% of wave array OPEX is required for an
overall 50-75% reduction in LCOE, whilst a 60% cost reduction in tidal array OPEX is required. This is
illustrated on Figure 1-2 and Figure 1-3, these figures indicate that OPEX is an attractive and
necessary venue for cost reduction.
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Figure 1-2 Wave LCOE Breakdown by Cost Component. Current versus commercial target. Adapted from [19].

Figure 1-3 Tidal LCOE Breakdown by Cost Component. Current versus commercial target. Adapted from [19].

Moreover, OPEX costs may be broken down further; in the Carbon Trust Cost Estimation
Methodology Report, based on data gathered by the Marine Energy Challenge, the greatest
contribution to O&M costs are planned and unplanned maintenance at 29% and 28% respectively
[20], see Figure 1-4.

Figure 1-4 Operations and Maintenance Cost Breakdown. Adapted from [20].

It follows that O&M costs may be reduced by optimising planned maintenance and reducing the
occurrence of unplanned maintenance events. A promising tool for achieving this is the
implementation of Condition Monitoring and predictive maintenance.
3

1.1.3 Motivation for Condition Monitoring for Marine Renewables
Condition Monitoring Systems (CMS) enable predictive or Condition-Based Maintenance (CBM) by
conducting high-resolution monitoring of critical subsystems and collecting data for the detection
and prediction of faults [21]. In turn, the objective of the CMS is to inform maintenance personnel to
take mitigating or remedial action before subsystem or component failure. Condition Monitoring
additionally provides a promising venue for the improvement of device availability and feeding back
into reliable device design, this is achieved through a proactive approach to maintenance by
identifying a device’s critical failure modes and providing monitoring and engineering design
solutions to address these [22].
Should the CMS be successful in its detection of incipient component failures, the number of
unplanned maintenance interventions for a device may be reduced. This is particularly valuable for
MRE devices, where the cost of O&M activities is driven largely by the vessel day rate and the
duration of downtime can reach the magnitude of several days [23]. The prediction of remaining
service life using data gathered from CMS also allows for maintenance planning to take into account
weather windows in advance of planned interventions.
In [24], CBM is demonstrated to improve the base availability of a theoretical 5MW offshore wind
farm from 94.8% to 97.0% as compared to a farm using periodic maintenance. In this study, the
annual failure rate of the wind turbine is reduced from 1.32 to 0.81 failures per year due to the
higher frequency of maintenance interventions using the CBM strategy. The reduction in component
replacement costs results in an increase in annual revenue per wind turbine from £600,543 to
£677,327 in the base scenario, reflecting an improvement of 12.8% [24]. A similar improvement in
annual revenue may also be envisaged for MRE farms due to the similarity of offshore operations.
The potential of CBM is highlighted in the UKERC Marine Energy Technology Roadmap, which
categorises activities such as Failure Modes and Condition Monitoring Techniques, Performance Data
Collection and Reliability Demonstration as Energy Technologies Institute (ETI) priority A activities
[17]. The assessment criterion for priority activities include cost reduction potential, impact on
technical risk and improvement in survivability.
A number of technology roadmaps address device reliability, availability and maintainability as
technology development priorities for marine energy ([3], [17], [18]). These reports indicate a
promising opportunity for condition monitoring and predictive maintenance to reduce production
revenue loss and OPEX costs in MRE devices. In [25], the introduction of a CMS to an offshore wind
farm, assuming 80% successful fault detection rate and a false alarm rate of 10%, is demonstrated to
reduce revenue loss by 14.6% and repair costs by 17.0%.
4

1.1.4 Instrumentation Challenges in Marine Energy
The specific data gathered and choice of instrumentation varies greatly between MRE prototypes.
This is particularly true for WECs, due to the multitude of WEC operating principles and methods of
energy extraction and conversion ([26],[27]). At of the time of writing, the European Marine Energy
Centre (EMEC) lists 212 and 82 unique wave and tidal device developers respectively in its online
database ([28], [29]), demonstrating the plethora of MRE device designs.
In Figure 1-5, the distribution of estimated R&D investment amongst varying WEC and TEC
technology types, according to the EMEC taxonomies, is given. This data is based upon the number of
patent applications amongst European countries in 2011 [30]. On Figure 1-5, TEC technology shows
greater design convergence than WEC technology, with 76% of estimated R&D investment favouring
horizontal axis turbine designs.

Figure 1-5 Estimated R&D Investment by WEC and TEC technology type. Adapted from [30].

With regards to DAQ architecture, the Technology Readiness Level (TRL) and stage of testing of the
MRE prototype is relevant, as this governs the level of capital budget available for a dedicated DAQ
and control system, as well as the presence of a cabled connection to shore for electrical power and
data transmission. Descriptions of TRLs associated with wave and tidal energy devices, as determined
by the Ocean Energy Systems Annex II report, are provided on Table 1-1.
From Table 1-1 it can be inferred that as the TRL of a device increases, so does the scale of
measurement campaign in order to support the demands of device testing. At TRL 5, it can be
expected that a SCADA and Telemetry system will be developed to support large scale experiments
and the acquisition of relevant process parameters, whilst at TRL 7 a commercial SCADA system will
be installed, providing health monitoring and reporting of parameters such as structural loads,
loading of PTO interfaces and wear of bearings and seals [31].
The TRL testing stage will also dictate the availability of electrical power as well as copper or fibre
optic data transmission infrastructure, this in turn will influence the choice of a remote monitoring
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and data logging DAQ system or a grid connected DAQ system that is transmitting live data. Each of
these topologies present their own challenges: the choice of a remote DAQ architecture presents
challenges in power consumption [32] and issues with telemetry [33], whilst grid connected systems
may encounter issues with subsea electrical connectors [34] and fibre optic cable damage [35].
Table 1-1 Technology Readiness Levels of Wave and Tidal Energy Devices, adapted from [36], [37].

Stage

Technology

Wave Energy Development Protocol

Tidal Energy Development Protocol

Approx. 1:50 small scale testing of

Tidal energy conversion concept

model in regular and irregular sea

formulated

Readiness
Level
1. Concept

TRL 1-3

Validation

states.
2. Design

TRL 4

Validation

Approx. 1:20 medium scale testing of

Subsystem testing at intermediate

model in extensive sea states and

scale, engineering design such as

survival conditions.

Computational Fluid Dynamics, Finite
Element Analysis, Dynamic Analysis

3. System

TRL 5-6

Validation

Approx. 1:4 part scale testing of all

Subsystem testing at large scale

sub-systems deployed at sea.
Deployment, recovery and
maintenance activities at sea.

4. Device

TRL 7-8

Validation

1:1 full scale testing of device and

Full scale prototype tested at sea

subsystems at sea. Moderate to
exposed site. O&M activities under
realistic conditions.

5.

TRL 9

Approx. 3-5 machines tested initially

Commercial demonstrator tested at

Economic

as small arrays and expanded as

sea for extended period

Validation

appropriate. Proving of electrical
generation and O&M strategy.

Furthermore, the scale of condition monitoring data must also be considered. The collection of data
for condition monitoring may vary for isolated subsystems numbering 10s of Inputs and Outputs
(I/O) ([32], [33], [38]) into large offshore structures of hundreds of sensors and I/O [39].
Finally, the instrumentation of WEC prototypes is not without its challenges. Operating in the marine
environment poses technical challenges for sensor longevity and maintainability, resulting from
exposure to corrosion, submergence and flooding, mechanical shock and marine growth, as well as
unforeseen operational failures.
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1.1.5 Summary
In section 1.1.1 and 1.1.2, the political and economic case for reducing the LCOE of marine energy is
given, and condition monitoring and predictive maintenance is identified as an attractive venue for
O&M cost reduction.
In section 1.1.3, the benefits of implementing CBM for MRE devices are discussed. The ability to
detect and predict the occurrence of faults in critical subsystems allows for optimised maintenance
planning, which is of benefit to MRE devices for the optimisation of accessibility during weather
windows, the minimisation of downtime and the reduction of fault severity [24], [25].
In section 1.1.4, the challenges of applying condition monitoring are contextualised further for MRE
devices. In this regard, the varying operating principles and technology readiness levels of MRE
devices, and the growing requirements of systems of increasing scale are discussed.
The following section provides an overview of the structure of the research project.

1.2 Content and Structure
Figure 1-6 displays the thesis chapter map and illustrates how the thesis is divided between the two
case studies to which the methodology is applied.
Chapter 2 defines the research questions and aims and objectives of the research project. A summary
of the key contributions of the thesis is also provided.
Chapter 3 reviews the reliability methods applicable to MRE devices, the design philosophy for
implementing a CMS and the state of the art in condition monitoring in the MRE industry. The stateof-the-art in instrumentation and data acquisition for MRE is also investigated in depth.
Chapter 4 presents a methodology for taking a risk and cost-based approach to designing a Condition
Monitoring System for a Marine Energy Device. This describes the use of a Failure Mode and Effects
Analysis (FMEA) for prioritising risks, identifying detection methods appropriate to the MRE industry
and describing the optimisation two approaches taken to propose a CMS portfolio, by use of expert
judgement and a detection matrix optimisation algorithm respectively. It must be noted that the
FMEA used is actually a Failure Mode, Effects and Criticality Analysis (FMECA) due to the inclusion of
quantitative rankings, but due to its common use in industry, the term ‘FMEA’ is used.
Chapter 5 firstly provides background information on the WEC developer Albatern and the operating
principles of the Squid 6 Series (6S) WEC. Secondly, the application of the methodology to the entire
Squid 6S WEC assembly, providing an instrumentation portfolio that covers the mooring, structural,
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hydraulic, electrical and instrumentation subsystems, is described. A low-level instrumentation DAQ
system design is then provided.

Figure 1-6 Thesis Chapter Map

Chapter 6 provides background information on the TEC developer Nova Innovation and the NM100
TEC, and furthers the methodology used in Chapter 4 by applying a detection matrix to select a risk
and cost optimised instrumentation portfolio for the NM100 TEC cooling system. The subsequent
installation of a selection of the proposed instrumentation on an NM100 turbine is then discussed.
Chapter 7 describes the development of a gearbox efficiency model, the implementation of
mechanical torque measurement equipment and the verification of the drive energy conversion
8

efficiency. The improved drivetrain efficiency model is then used to improve the robustness of
abnormal behaviour detection of the cooling system physical model described in the following
chapter.
Chapter 8 makes use of field data obtained from the cooling system upgrades to improve a physical
model of the cooling system’s thermodynamic behaviour and investigates if change may be observed
between the measured and expected heat transfer coefficients of the internal and external heat
exchangers over time.
Chapter 9 takes a data-driven approach in analysing CMS pressure and temperature upgrade data for
8 tides every 2 weeks across 7 months. The Root Mean Square Error of the Cumulative Distribution
Function of fitted Kernel Density Distributions is used as a metric to indicate change in gearbox
performance. No anomalies are detected across the dataset, as changes are instead attributed to
monthly variation in tidal resource.
Chapter 10 draws comparisons between the approaches taken to design a CMS for the Albatern
Squid 6S WEC using expert judgement and Nova M100 TEC using the detection matrix approach. The
cost benefit of the installed CMS, effectiveness of the developed monitoring methods and impact of
the installed CMS upgrades on existing failure modes is discussed. The overall methodology
developed in the thesis is assessed.
Chapter 11 provides general conclusions on the methodology to design a CMS by risk and cost
optimised portfolio and describes further work for the case studies investigated.
Finally, a list of publications arising from the research project is presented in Appendix A.
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2 Aims and Objectives
2.1 Research Questions
Arising from the motivation to apply cost-effective condition monitoring and predictive maintenance
systems, the research questions for the thesis are derived:
1. How may a Condition Monitoring System (CMS) for a wave or tidal energy device be
designed such that the trade-off between risk (as quantified by a generic methodology) and
cost (as quantified primarily by capital expenditure) may be optimised?
a. After installation, how may the risk reduction and cost effectiveness of CMS
upgrades be evaluated?
2. What are the state-of-the-art condition monitoring methods available to the Marine
Renewable Energy (MRE) industry? What methods may be transferred from industries that
share a strong commonality with MRE?
3. What instrumentation architectures are appropriate for the physical scale and technology
readiness level of the device in question?
To investigate the main research question and the idea of a risk and cost optimised CMS, the purpose
of CMS and challenges associated with their application are explored in section 3.1. To address the
quantification of risk and cost respectively, reliability methods used for the implementation of
condition monitoring are considered in section 3.2, whereas the cost considerations and cost
effectiveness of CMS is explored in section 3.3.
The second and third research questions are addressed in sections 3.4 and 3.5. In section 3.4, the
common condition monitoring techniques, modelling approaches and signal processing techniques,
as well as fault detection and prediction methods applicable to MRE devices are described. In section
3.5, the instrumentation architectures typically employed for MRE devices at differing TRL levels are
investigated, a summary of these architectures is provided in section 3.5.8.
In section 3.6, a deficit in literature regarding the consolidation of proposed CMS upgrades into a
holistically considered portfolio is highlighted. Therefore, to address the main research question, a
methodology to design a risk and cost optimised CMS portfolio is described in Chapter 4. This
methodology makes a provision to evaluate the risk reduction and cost effectiveness of the chosen
upgrades over the lifetime of the MRE device.
The proceeding chapters, 5 and 6, implement the developed CMS design methodology for a WEC and
TEC subsystem respectively. To evaluate the risk reduction and cost effectiveness of the CMS
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upgrades, chapters 7 and 9 demonstrate methods of using the newly gathered field data to identify
subsystem performance degradation using physical modelling and data driven analysis.

2.2 Research Aims
The aim of this research is to establish a generic methodology for the design of a CMS for an MRE
device. The proposed CMS must draw a balance between improving device availability by monitoring
of critical failure modes and the cost effectiveness of physical instrumentation hardware.

2.3 Research Objectives
In order to fulfil the research questions, the objectives of the research project are as follows:
•

Critically review reliability methods for assessing the priority failure modes of MRE devices.

•

Critically review state of the art of condition monitoring systems in marine energy,
transferrable methods from offshore wind energy and appropriate Data Acquisition (DAQ)
architectures for the collection of condition monitored data.

•

Develop generic methodology for designing risk and cost optimised CMS for MRE devices.
o

Integrate cost, power and data transmission constraints in design of CMS portfolio
for data collection or commercial deployment.

•

Propose instrumentation portfolio and DAQ architecture for specific MRE devices.
o

•

•

Implementation of proposed upgrades where appropriate.

Evaluate effectiveness of implemented CMS solutions
o

Use gathered performance data to improve understanding of device.

o

Improve understanding of subsystem condition and to inform maintenance.

Validate effectiveness of proposed methodology for cost effective CMS design.

2.4 Thesis Contributions
The key contribution of this thesis is the development of a risk and cost optimised approach to design
a CMS upgrade portfolio for an MRE device, this approach allows for a technology developer or
operator to select a combination of CMS instrumentation that reduces the most risk given a capital
budget.
The novelty of the contribution is the use of a portfolio approach. While previous studies have
calculated the reliability of a device and used the results to suggest CMS instrumentation for
unreliable subassemblies and components, these studies have not provided a methodology to
consolidate the considered CMS instrumentation into a cost-optimised portfolio.
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Furthermore, previous studies have not taken into consideration the practical installation
requirements of CMS upgrades for a commercial level MRE device, nor provided a means to evaluate
the proposed upgrades post-installation.
The application of this methodology is conducted for two MRE developers, Albatern and Nova
Innovation, whom are technology developers of wave and tidal energy converters respectively. This
thesis describes two case studies where this method is applied, as well as work undertaken to
support the main CMS design methodology.
•

CMS design methodology
o

A methodology has been developed to select CMS upgrades while considering both
the highest risk failure modes of a device as well as the cost and installation
requirements of suggested sensors for condition monitoring. Risk is determined by
the Risk Priority Number and is assigned to a failure mode during a Failure Mode and
Effects Analysis (FMEA).

o

The methodology is essentially a mapping exercise of sensor technology to failure
mode, while factoring in cost.

•

Albatern 6 Series WEC CMS
o

Use of FMEA to propose CMS upgrades for the Albatern Squid 6S WEC, grouping of
upgrades into functional packages to consider practicalities of sensor installation.
CMS upgrade portfolio and DAQ system retrofit for commercial device proposed.

o

Collection of 3 years of field failure data of a 6 WEC array to validate the original
FMEA conducted for the Squid 6S WEC.

•

Nova M100 TEC Subsystem CMS
o

Advancement of prior sensor mapping study; use a detection matrix in a risk versus
cost optimisation study to propose CMS upgrades for the Nova M100 TEC cooling
system. Implementation of selected upgrades on the physical turbine.

o

Development of a parametric thermodynamic model which incorporates field data to
determine TEC cooling system performance.

o

Instrumentation of a TEC to review electro-mechanical conversion efficiency across
varying speed and torque outputs.

o

Distribution fitting on data collected from temperature and pressure sensor
upgrades across 6 months to demonstrate method of identifying performance
degradation.
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3 Literature and Critical Review
3.1 Condition Based Maintenance
3.1.1 Theoretical Framework
Maintenance is defined as the “combination of all technical, administrative and managerial actions
during the life cycle of an item intended to retain it in, or restore it to, a state in which it can
perform the required function” [40]. The interval in which maintenance is applied depends on the
strategy used:
•

Corrective
o

Maintenance performed after the physical asset has failed. This may be immediate
(carried out without delay) or deferred (delayed in accordance with given rules).

•

Preventive – Scheduled
o

Maintenance task performed on a scheduled basis; dependent either on time or
units of use.

•

Preventive – Condition-Based
o

Maintenance task performed based upon measured or derived condition of
component. Can be predictive; following a forecast of known characteristics and
evaluation of parameters related to the degradation of the asset.

A corrective maintenance strategy allows for the useful lifetime of a physical asset to be fully
utilised, however may lead to long periods of downtime if action is not taken immediately. A
scheduled preventive maintenance strategy is able to reduce downtime by frequently restoring the
physical asset to its full operational state, however typically results in an increase in component
replacement cost and operational expenditure. A Condition-Based Maintenance (CBM) strategy
improves upon these practises by undertaking maintenance when it is needed, thereby reducing the
occurrence of unexpected shutdowns and also unnecessary maintenance costs.
CBM necessitates a means for condition assessment, this may be through operator observation,
inspection, testing or condition monitoring of system parameters [40]. Condition Monitoring
Systems (CMS) enable a robust CBM approach by the continuous monitoring of a physical asset. The
processes necessary for a successful condition monitoring approach are:
•
•

Data acquisition
o Monitoring of critical subsystems and components in real-time.
Data processing
o Extraction of useful features in sensor data for use in models.
o Physics-based or data-driven modelling to identify abnormal behaviour.
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•
•
•

•

Detection
o Identification of a fault condition in a machinery component.
Diagnosis
o Determination of the nature of the fault, including its precise location.
Prognosis
o The forecast of the Remaining Useful Life (RUL) of the component before its
impending failure.
Maintenance action
o Mitigating or remedial activity conducted to alleviate or remove the cause of
the fault.

The performance of condition monitoring techniques is typically characterised by their PF-Interval,
which represents the time interval between the detection of an incipient fault and its occurrence.
On Figure 3-1, the condition of an example component over time is represented by a curve; this
component is considered to have failed once the curve drops below a defined threshold at F. If
condition monitoring solutions A and B are able to detect the impending fault at times P1 and P2
respectively, then detection method A, due to its longer PF interval, can be considered to perform
better.

Figure 3-1 PF-Interval indicating Detection of Failure prior to Occurrence. [41]

However, as the PF interval trends closer to the useful life of the component, the fault detection will
likely decrease in accuracy, as it is near impossible to predict accurately the time to failure of a
component near day one of operation. A PF interval should therefore be considered within a
reasonable timeframe of operation relative to the useful life of the component.

3.1.2 Challenges in Applying Condition Monitoring to MRE
Due to the nascent nature of the MRE industry, the experience of applying CBM in MRE is limited.
However, learnings may be drawn from the application of CBM in industries which share a strong
commonality with MRE, such as offshore wind [21], oil and gas [42], nuclear [43], rail [44] and
process automation [45].
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In particular, experience gained from the offshore wind industry is highly relevant. Firstly, there is a
high similarity of subsystems and components between Offshore Wind Turbines (OWT) and MRE
devices, especially amongst MRE systems employing an electro-mechanical drivetrain similar to
those found in geared or direct-drive horizontal-axis OWT [46]. Secondly, the maintenance
challenges for both OWT and MRE devices are highly similar, as they are dependent on weather
conditions, access issues and distance from shore [47]. Thirdly, the requirement for OWT and MRE
devices to produce reliable, affordable electricity is a strong driver for cost-effective CMS. As such,
this literature review draws heavily upon the lessons learned from implementing CBM for OWT.
A slew of detection methods and commercial condition monitoring systems are available for the
onshore and offshore wind industries, many of which are applicable to monitoring Marine
Renewable Energy (MRE) device subsystems. Examples of CBM techniques include vibration analysis
and acoustic emissions monitoring of drivetrain components, hydraulic oil analysis of gearboxes or
mechanical brakes, temperature and current monitoring of generators and power electronics and
embedded fibre optic strain monitoring of structural bodies, blades and foundations [46].
To apply the appropriate CMS detection methods, the failure probability of a device and its
subsystems must be understood, as well as operational consequences such as downtime caused by
the component and cost of repair. Consequences may also include harm towards personnel safety,
the environment and company reputation.
In the onshore wind industry, the Scientific Measurement and Evaluation Programme (WMEP),
collated and analysed 193,000 monthly operations and 64,000 maintenance and repair reports from
1500 onshore Wind Turbines (WT) over a period of 17 years, providing an exceptional dataset on
the annual failure rate of onshore WT subsystems in relation to their operating conditions and
consequential downtime per failure [48]. This data is summarised in Figure 3-2.

Figure 3-2 Reliability Characteristics of the WMEP Survey of all Turbines (c. 7800 turbine years) (left) and E32/E33 Turbines
(c. 1357 turbine years) [right] [48].

Figure 3-2 demonstrates that although the electrical, electronic control, sensor and hydraulic
subsystems of WTs have a higher failure rate than the gearbox, generator and rotor assemblies, the
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downtime caused by each failure is significantly less. This is caused by logistics, the complexity of
repair and time required for the repair task. Faulstich demonstrates that minor failures, which
constitute 75% of all failure occurrences, only account for 5% of the total downtime, whilst major
failures, making up 25% of failure occurrences, are responsible for 95% of downtime [49]. Condition
monitoring effort should therefore target the subsystems responsible for these major failures (in
onshore WTs these are caused by the gearbox, generator, yaw and rotor subsystems) in order to
reduce downtime [49].
However, in the experiences from the UK Round 1 offshore wind farms, as WTs move offshore
(<10km from shore), the initial availability has decreased overall as compared to onshore wind
farms, this is due to the increased complexity of Operations and Maintenance (O&M) and access
issues [50]. These issues are anticipated to be exacerbated by increasing the distance to shore for
the Round 3 offshore wind farms (>50km from shore).
In addition, in Figure 3-2 it is shown that the device architecture of different WT models, specifically
that the geared Enercon E32/E33 models vary compared to the global average of all turbines in the
WMEP study. The effect of device architecture and taxonomy amongst MRE devices is also explored
by Tavner et. al, where stochastic reliability analysis is conducted for 3 Wave Energy Converter
(WEC) and 3 Tidal Energy Converter (TEC) topologies. Although a large number of sub-assemblies
are common between MRE devices, WEC operating principles, as well as TEC structural and mooring
configurations influence the number of subsystems involved in the operation of the MRE device,
and hence alter the overall device reliability [51]. The critical subsystems for condition monitoring
will therefore likely vary greatly for various MRE topologies.
Due to the nascent nature of the MRE industry, the quantity and quality of public reliability data is
severely limited. In lieu of failure data, methods such as conducting a Failure Mode and Effects
Analysis (FMEA) or a Fault Tree Analysis (FTA) may be used to determine the high-risk failure modes
of a system and their consequences and root causes [47]. Failure data may also be drawn from
reliability databases in similar industries, such as the Offshore Reliability Data (OREDA) handbook
[52]. This enables the use of probabilistic methods such as Reliability Modelling and Prediction [51].
The application of various reliability modelling methods is discussed in depth in Section 3.2.
The final consideration of condition monitoring is the need for condition monitoring systems to
justify their capital and operational cost. Despite the lack of operational experience using CMS in the
marine energy industry, the anticipated operational cost savings for MRE as a result of CBM are
high. This is due to the costly nature of offshore interventions, where a 3-day retrieve, repair and
redeploy operation marine operation, requiring a multi-cat with a day-rate of approximately £4,000,
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may easily exceed £20,000 due to mobilisation, crew and equipment costs [53]. If the CMS is able to
reduce the number of lifetime interventions by 1, then it will break-even financially.
In [24], a Markov Chain State Space diagram is used to model the transient condition of high-cost
OWT components, and compares a condition-based maintenance policy with a periodic
maintenance policy. Accounting for the revenue generated from the market price of electricity and
renewable obligation certificates, as well as the costs of maintenance and component replacement,
the net wind turbine annual revenue was shown to improve from £600,543 to £677,327 in the base
case scenario by using periodic maintenance and CBM strategies respectively. The annual condition
monitoring benefit per wind turbine is therefore £76,784, which equates to a 12.8% increase in
annual net revenue. This value may be used as a baseline for quantifying the cost benefit of a
theoretical CMS for an MRE device.
In [25], attempts have been made to quantify the added value of CBM by simulating the O&M costs
of a theoretical offshore wind farm using realistic location, weather and O&M cost inputs. This study
reveals that the success of the CMS is determined based on the proportion of successfully detected
early failures and generation of false alarms, for these factors impact revenue loss as a result of
downtime and repair cost as a result of ceasing operations after a degraded state is identified, see
Table 3-1 and Table 3-2.
Table 3-1 Reduction in Gearbox Revenue Loss as a Function of Fault Detection and False Alarm Rates. Adapted from [25].

False Alarm Rate

Fault Detection Rate

10%

30%

50%

80%

14.6%

9.9%

1.6%

60%

11.0%

7.6%

1.2%

40%

7.3%

5.5%

0.8%

Table 3-2 Reduction in Gearbox Repair Costs as a Function of Fault Detection and False Alarm Rates. Adapted from [25].

False Alarm Rate

Fault Detection Rate

10%

30%

50%

80%

17.0%

15.7%

13.1%

60%

12.8%

11.7%

9.9%

40%

9.5%

7.8%

6.6%

Table 3-1 and Table 3-2 show the variation in revenue loss and repair cost reduction with varying
successful fault detection and false alarm rates. These tables demonstrate a high sensitivity of CMS
cost effectiveness to the false alarm rate in particular, with severely diminishing returns as the false
alarm rate increases from 30% to 50%.
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Hence to effectively gauge the cost-effectiveness of a CMS, one must be able to quantify its ability
to successfully detect failures and issue a low rate of false alarms. This is particularly important for
the deployment of unconventional condition monitoring techniques or known condition monitoring
techniques in new applications. An example means of evaluating the performance of a binary
classifier model is the Receiver Operating Characteristic curve, which is created by plotting a
model’s true positive rate against its false positive rate as its classification threshold is varied [54].
The application of CBM should therefore be considered within the framework of MRE device
reliability, but also take into account the perceived risk reduction in relation to the cost of the
installed sensors.

3.2 Reliability Methods for the Implementation of Condition Monitoring in MRE
This section discusses the reliability methods available to MRE devices, specifically with regards to
identifying critical subsystems for condition monitoring, observing modes of subsystem failure and
selecting appropriate detection methods for the monitoring of these devices.
A number of methods are available, arising in particular due to the lack of failure rate data and the
variety of MRE device operating principles. This includes the aforementioned FMEA, FTA and RMP,
as well as Monte Carlo Simulation (MCS) and Bayesian Reliability Analysis (BRA) [51]. These methods
help identify critical subsystems or reliability bottlenecks in an MRE device. A comprehensive review
of reliability methods and their application to OWT may be found in [55], however the methods
examined in this chapter have been investigated in depth due to the availability of literature in MRE.

3.2.1 Failure Mode and Effects Analysis
The FMEA systematically addresses the modes in which a device, subsystem or component can fail,
the consequences of failure and how this may be prevented [56]. Although originally developed for
military use [57], the FMEA has been applied in industries such as oil and gas [58], offshore wind
[59] and marine energy [47]. The quantitative nature of Failure Mode, Effects and Criticality
Analyses (FMECA) allows for the prioritisation of a failure mode’s risk ranking and has thus proved
as an integral tool in the process of identifying critical subsystems for Condition Monitoring.
Following the process illustrated on Figure 3-3, Scheu demonstrates the use of an FMECA to identify
the failure modes of an OWT Rotor Nacelle Assembly (RNA), these are used to establish a list of
desirable monitoring systems for failures beyond a threshold of criticality, determined in the study
as a score of 44 [41]. For each identified monitoring system, the potential cost savings and expected
downtime reduction is estimated relative to monitoring systems already in place. These criteria are
used to determine whether the monitoring benefit is low, medium or high.
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Figure 3-3 FMECA Process followed by Identification of Condition Monitoring Potential [41]

Other studies in the MRE industry promote the FMEA as a means of prioritising high-risk failure
modes for designing condition monitoring systems. Prickett et al. presents a general framework for
conducting a tidal turbine FMEA to identify possible failures with the view of associating them with
methods for their detection [60]. The study makes reference to an FMEA conducted for wind
turbines [59] as a relevant comparison for tidal turbine assemblies, which highlights the rotor and
blades assembly, generator, electrical controls, hydraulics and gearbox assemblies as those with the
highest risk rankings.
Elasha uses an FMECA to complement an FTA to evaluate the effectiveness of proposed condition
monitoring techniques for a generic horizontal axis tidal turbine [61]. The FMECA is used to inform
symptoms analysis for each component and each of its specified failure mode, mechanism and root
cause combinations. In turn, condition monitoring techniques for the fault symptoms may be
identified, an example of this process is given in Table 3-3.
Table 3-3 Failure Symptoms and associated Condition Monitoring Techniques of Turbine Blades. Adapted from [61].
Component

Failure Symptoms

Condition Monitoring Techniques

Blades

•

Strength change

•

Strain monitoring

•

Surface change

•

Performance monitoring

•

Shape change

•

Vibration monitoring

•

Change of behaviour

•

Change in performance

•

Vibration

Ambühl highlights the importance of the FMEA, as well as an FTA, in determining the high priority
failure modes of the device in order to define the inspection plan and estimate overall maintenance
costs [47]. A number of FMEAs have been conducted for MRE devices for applications including derisking installation and maintenance activities ([62], [63]), identifying fault cases to design for
structural reliability [64], improving PTO reliability [65] and overall system reliability [66].
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The widespread adoption of FMEAs in technology development testify to their usefulness as a
central tool in the design process, especially with regards to determining appropriate CBM
techniques to monitor failure symptoms. However, the studies considered have only used failure
modes to identify specific CBM solutions, and have not taken into consideration the design of an
integrated CMS portfolio as a whole. Furthermore, the trade-off between risk reduction and cost
effectiveness of each additional condition monitoring solution is not considered; after a base
number of critical failures are monitored, the marginal returns of monitoring additional parameters
decrease.

3.2.2 Reliability Modelling and Prediction
RMP involves the construction of a Functional Block Diagram (FBD) which depicts the functional
requirements of a system, and a derived Reliability Block Diagram (RBD). The RBD is used to derive
total system annual failure rate or reliability, this is computed by defining the reliability survivor
function of a system and attributing failure rates to each subsystem or component in the RBD chain
[51]. RMP may be used to highlight critical subsystems or components to apply condition
monitoring.
Due to the lack of a comprehensive MRE component reliability database, component failure rate
data must be obtained through surrogate data sources such as the aforementioned OREDA
handbook [52] from the oil and gas industry, and corrected using adjustment factors to account for
a change in the components application or operating environment [67], this approach is detailed by
Wolfram [68].
Thies demonstrates an application of RMP by performing a reliability assessment of a generic WEC.
Firstly, a system block model is constructed, breaking the WEC into its constituent subsystems and
components (Figure 3-4 left). Secondly, appropriate failure rate data is obtained and adjusted and
finally the subsystem and overall system reliability over time is calculated.

Figure 3-4 Generic WEC Reliability Block Diagram (left) and Sub-System Reliability over Time (right).
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Delorm conducts RMP for 4 TEC configurations to examine the effect of TEC device taxonomy on
reliability [69], using surrogate failure rate data from wind turbines [70]. This study provides a basis
for identifying the critical subsystems of MRE devices with varying operating principles, and is
extended by Tavner whom provides the FBD, RBD and component failure probabilities of 3 WEC and
3 TEC configurations [51]. Khalid uses RMP to identify variation in subsystem reliability at different
resource category sites [71], the variation in subsystem reliability as seen on Figure 3-5, which is
altered by using different adjustment factors to account for the severity of different site conditions,
may indicate a varying need for condition monitoring at different project sites.

Figure 3-5 Tidal Turbine Subsystem Reliability Variation at Resource I and III Class Sites, Quarterly Maintenance. [71].

RMP is a useful tool for identifying subsystems with a high failure rate and may be used to indicate
where monitoring solutions may have a pronounced effect on device availability. However, RMP
requires quality component reliability data, and oftentimes does not disaggregate the contribution
of multiple failure modes to the failure rate of a single component. Therefore, should RMP be used,
it must be used in conjunction with the FMEA or similar analysis. RMP may see increased use as the
availability of MRE component reliability data improves ([72], [73]).

3.2.3 Fault Tree Analysis
FTA involves the graphic depiction of a system’s operational dependencies and uses logical gates to
represent series or parallel redundant systems. In this way, multiple subsystem or component
failures may occur without causing the failure of the device or entire system. FTAs allow for the
simulation of total system reliability and also the identification of subsystem criticality.
Using supplementary wind turbine failure rate data from the Reliawind project [74], Elasha
constructs an FTA for a generic horizontal axis tidal turbine [61]. The FTA is conducted twice; a base
case is first considered without condition monitoring systems installed, and a second case considers
a 30% reduction in failure frequency of condition monitored components. The effect of condition
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monitoring on subsystem reliability is thus observed, with the highest improvements identified in
the blade, gearbox, yaw system and generator subassemblies respectively.
Brown uses the FTA as a quantitative tool to identify the critical subsystems of an attenuator WEC
with a hydraulic Power Take Off (PTO) [75], and builds an FTA by dividing the WEC into its mooring,
structure, PTO and power transmission subsystems, see Figure 3-6 (left). Similar to previous RMP
studies, failure data is obtained from OREDA and adjusted accordingly.
Computing the failure probability of the FTA reveals the relative reliability of each subsystem and
allows for the identification of critical components most responsible for failure of the system, this is
displayed on Figure 3-6 (right). Finally, condition monitoring techniques are suggested for the critical
components, such as strain monitoring for the mechanical joints, voltage and current monitoring of
the generator power output and pressure monitoring for water ingress across a seal.

Figure 3-6 WEC Fault Tree Structure (left) and Critical Components (right). [75]

Although condition monitoring strategies are considered for certain subsystems, the failure modes
of specific components are not taken into account. The FTA also requires quality failure rate
probabilities, which becomes increasingly important as larger assemblies are considered. Finally,
although the probability of component and device failure is considered, the consequential repair
costs and downtime are not accounted for. Therefore, high failure rate components, which may be
cheap and quick to replace, may be prioritised over components that represent a larger portion of
downtime and repair costs.

3.2.4 Monte Carlo Simulation
The use of Monte Carlo Simulations is a probabilistic technique that uses a number of Probability
Distribution Functions (PDF) to describe the failure rates of subsystems or components, the PDF is
sampled by a uniformly distributed set of random numbers from 0 to 1 and used to calculate failure
results. Increasing the number of simulations improves the quality of the study but requires
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accurate input data for the failure PDF. Components found to contribute poorly to overall system
reliability may be prioritised for condition monitoring.
Abdulla uses MCS in an approach to calculate the availability of an oscillating surge WEC by
combining metocean and component reliability data [76]. At each simulation timestep the MCS
determines whether a component has failed by generating a uniformly distributed random number
from 0 to 1 for each component and comparing this to the component reliability PDF. The metocean
forecast is used to determine the next interval where a repair may be undertaken to restore the
WEC to its full power production state. As such, the advantage of this approach is its ability to
determine the effect of a single component on the downtime of the device, however this technique
once more relies on the availability of failure data.

3.2.5 Bayesian Reliability Analysis
Bayesian Reliability Analysis allows for existing information (prior distribution) to be updated by the
inclusion of additional data (likelihood function) by incorporating subjective probability [77]. The
prior distribution represents existing knowledge of a given model parameter, whilst the likelihood
function represents additional information which may be obtained from sources such as
experimental data, physics of failure equations or expert knowledge. Using these two elements and
Bayes Theorem, a posterior distribution may be calculated, which describes the uncertainty
associated with the given model parameters.
Thies demonstrates how the Bayesian statistical framework may be used to update MRE component
reliability data [78]. Firstly, a prior distribution representing the failure rate of a dynamic marine
power cable is obtained using generic data from OREDA. Secondly, two failure scenarios are
considered: modelling improved knowledge by physical component testing and modelling increased
uncertainty from unknown failure modes. These scenarios are represented by likelihood functions
of low failure rate and variance and high failure rate and variance respectively. Finally, the posterior
distributions of these scenarios are calculated using Bayes theorem, demonstrating the reduction in
uncertainty of failure rate data using component reliability testing and the increased uncertainty
associated with unknown failure modes.
Val demonstrates that component reliability data may be updated as component failures occur in
the field [79]. A physics of failure approach is used to estimate the failure rates of a mechanical seal
and main bearing using multi-parameter failure equations. These equations are sampled using
Monte Carlo simulation in order to determine the coefficients of the prior distribution. The
likelihood function is represented by a Poisson distribution and is computed based on the number
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of component failures experienced within one calendar year. In this way, the posterior distribution
may be calculated for a range of component failures each year.
Ewing consolidates the above methods in an approach to apply the Bayesian updating framework to
a TEC pitch system [80]. Physics of failure equations are used to build prior reliability distributions
for the roller bearing, dynamic seal and electric motor components. In turn, pitch system failure
data taken from operational wind turbines is used to represent the likelihood function for Bayesian
updating. The posterior reliability distribution obtained for the overall TEC pitch system indicates a
relatively optimistic failure rate based solely on physics of failure equations. This study presents an
opportunity for developers to use their own component failure rate data as it becomes available.
Bayesian Reliability Analysis may be used to indicate the need for additional monitoring where
reliability data for components is highly uncertain. Bayesian methods allow for the inclusion of
expert knowledge and experimental testing to quantify uncertainty, however such from the same
limitations of RMP in requiring an initial failure rate dataset. Bayesian methods can be used to
supplement RMP by quantifying uncertainty associated with reliability predictions.

3.2.6 Summary of Reliability Methods
Table 3-4 summarises the advantages and disadvantages of the reliability methods discussed.
Table 3-4 Summary of Reliability Methods for MRE

Method

Advantages

Disadvantages

FMEA

•

•

Combine qualitative expert
knowledge with quantitative risk

register limited by expert knowledge
•

ranking method
•
•

Comprehensiveness of failure modes

Accuracy and consistency of risk

Systematic method for identifying

rankings subject to participant

failure root causes and symptoms

experience

Does not require historical failure
rate data

RMP

•

Provides quantitative assessment of

•

MRE device subassemblies
•

from surrogate sources

Can be adjusted to take deployment

•

conditions into account
•

Requires component failure rate data

Does not specify failure mode or root
cause

•

Can be used to compare relative
device reliabilities

Assumes exponential failure
probability distribution
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FTA

•

•

Highlights criticality of device
subassemblies

Requires component failure rate data
from surrogate sources

•

Does not specify failure mode or root
cause

MCS

•

Able to integrate within time-domain

•

studies
•

function of component failure rate
•

Can determine effect of a single
component on device downtime

BRA

•

Does not specify failure mode or root
cause

•

Allows incorporation of expert
judgement and uncertainty into

Requires probability distribution
function of component failure rate

•

reliability prediction
•

Requires probability distribution

Can highlight monitoring priorities

Does not specify failure mode or root
cause

where reliability data is uncertain

Of the methods listed in Table 3-4, the FMEA is the most distinct due to its semi-qualitative nature,
whereby the use of expert judgement circumvents the need for component failure rate data.
Although the RMP, FTA, MCS and BRA methods may be used to quantify subsystem reliability and
highlight critical subassemblies by a statistical approach, these methods do not specify the failure
mode and root cause, and thus additional analysis of failure symptoms is required.

3.3 Approaches to Condition Monitoring System Design
Once the critical subsystems and components for condition monitoring have been identified, an
appropriate design approach must be taken to select a range of monitoring systems for deployment
on a device. The practical considerations of CMS design are given in [81], this study also highlights
the requirements of the CMS benefit to surpass its cost. The cost constraints associated with a
prototype or commercial device will drive the requirement for a cost-effective CMS, which balances
the trade-off between the cost savings gained from timely maintenance interventions and
prolonged component life, and the installation and operational costs of the CMS.
Allmark details a nodal approach to TEC condition monitoring systems, in which the control and
DAQ architecture consists of Monitoring, Intelligent Processing, Sink and Transfer Nodes [82].
Monitoring nodes are characterised by transducer hardware and are associated with the detection
of a certain fault. Intelligent Processing Nodes contain computational power in the form of a
Microprocessor, Data Acquisition (DAQ) unit or Programmable Logic Controller (PLC), and
algorithms for diagnosis, state detection and prognostic assessment. Sink nodes refer to where data
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is communicated out of the system, such as to a Human Machine Interface (HMI) or database.
Transfer nodes are associated with the transmission of data between other nodes using industrial
Ethernet or a fieldbus protocol.

Figure 3-7 Nodal Condition Monitoring System Architecture. [82]

Allmark highlights the need for quantitative and qualitative auditing of the selected monitoring and
hardware node solutions, with a view to designing a cost-effective node architecture that best
identifies various faults but also avoids ‘over monitoring’ [82]. In lieu of a definitive TEC FMEA, a
drivetrain test-rig is set up to provide a flexible base for testing and evaluating the effectiveness of
various monitoring nodes, monitoring parameters such as drivetrain vibration, temperature,
current, flux and power [82].
One such method of quantitative auditing is dimensionality reduction, which has been applied to
WTs to inform optimal sensor selection. By applying Principal Components Analysis (PCA) to a
simulated WT operational dataset, the variables that best capture the variance of the WT operation
may be identified [83]. However, the selected variables which best represent the dataset may not
necessarily be used to discern the condition of the turbine.
In [24], the total CBM benefit is quantified as 12.8% of annual WT revenue as compared to a
baseline scenario using periodic maintenance. This study considers CBM of the Gearbox, Generator,
Blades and Power Electronics, and although failure rates of the individual sub-assemblies are
provided, the contribution to CBM cost benefit from each subassembly is not quantified. Knowledge
of the cost benefit contribution of implementing CBM for each subassembly would be useful if faced
with an investment decision to purchase a CMS package for specific subassemblies.
Other authors use simple scoring systems to evaluate the potential of proposed condition
monitoring solutions, Scheu compares the relative improvement in downtime reduction and cost
savings of the condition monitoring solution to the base monitoring scenario, see Figure 3-8.
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Wiggelinkhuizen uses three Yes or No criteria to determine the categories of a proposed condition
monitoring solution, the ability of the solution to detect early faults, the technological availability of
detection method and the potential to reduce maintenance costs are used to classify the potential
of various condition monitoring solutions, see Figure 3-9.

Figure 3-8 Condition Monitoring Benefit Scoring (left) and Categories (right). [41]

Figure 3-9 Condition Monitoring Potential Classification. [25]

However, whilst these techniques provide useful indicators of individually proposed condition
monitoring solutions, in practice, MRE developers are faced with choosing a limited number of
upgrades out of several options within a limited budget. It is therefore in the interest of the
developer to choose the most cost-effective CMS upgrades that will deliver the highest return on
investment in terms of reducing risk, repair cost and revenue loss.
In the field of economics, Modern Portfolio Theory (MPT) states that it is possible to construct a
portfolio that maximises expected return on investment given a level of risk [84]. This idea may be
extended to the selection of CMS upgrades to deliver reduced risk given a fixed capital budget. MPT
states that every possible combination of assets that exist can be plotted on a graph of risk versus
return, with an efficient frontier curve representing the portfolios with highest return given a level
of risk [84]. It should therefore be possible to construct a CMS upgrade portfolio of optimal risk
reduction given a capital budget.

3.4 State of the Art in Condition Monitoring for MRE
The objective of this section is to conduct a state-of-the-art review of condition monitoring methods
applicable to MRE devices. Firstly, monitoring techniques associated with physical components are
explored, secondly, data processing techniques at device and farm level are investigated.
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As discussed in section 3.1.2, due to the strong commonality of the offshore wind industry with the
MRE industry, a selection of relevant literature in this review has been drawn from the offshore
wind domain. However, while much of the condition monitoring literature from the offshore wind
domain is relevant to MRE, new challenges are posed within the MRE condition monitoring domain
due to the varying operating principles of devices and challenging operating environment. For
example, the use of novel materials such as dielectric elastomers in WEC PTO [85], as well as the
need to compensate for the effects of wave conditions and turbulence intensity [86], necessitate
the development of new condition monitoring techniques and approaches.

3.4.1 Overview of Condition Monitoring Techniques
Merigaud provides a comprehensive review of condition monitoring techniques available for MRE
devices, using the plethora of literature available from OWT [46]. Similarities in system power
conversion topology are drawn, allowing condition monitoring methods used in the wind industry to
be applied to specific subsystems, or machine learning and statistical tools to be applied at farm
level. The review identifies appropriate literature for major MRE subsystems including:
•

Performance Monitoring

•

Structural Health Monitoring

•

Transmission system (drive train)

•

Rotary and linear generators

•

Power Electronic converters and IGBT devices

•

Subsystems
o

Grid interface

o

Mechanical brake

o

Pitch mechanism

o

Yaw mechanism

o

Sensors

A range of literature is available summarising the techniques used for the condition monitoring of
OWTs ([21], [87], [88]). A list of techniques according to [87] are summarised in Table 3-5.
Such is the level of establishment of condition monitoring in the OWT industry that a number of
commercial Condition Monitoring Systems (CMS) are available, a survey of these systems is
provided by Crabtree, Zappalá and Tavner [89]. Recently published work by the Offshore Renewable
Energy (ORE) Catapult builds upon this list [90] and considers the application of such systems to
WECs.
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Table 3-5 Condition Monitoring Techniques for OWTs. [87]

Technique

Online/Offline

Description

Typical Application

Vibration

Online

High frequency sampling vibration

Gearbox, generator,

measurement of rotating machines

bearings, auxiliary

and components using piezoelectric

motors.

Analysis

or MEMS accelerometers.
Acoustic

Online

Emissions

Measurement of sound associated

Gearbox, bearings,

with generation and propagation of

blades.

cracks within metal structure;
detection of released strain energy
and elastic waves.
Oil Analysis

Online/Offline

Oil temperature, viscosity, particulate

Hydraulic systems

and water contamination, wear debris

including motor,

particle monitoring sensors available.

brake, winches.

Offline oil sampling popular.
Strain

Online

Measurement

Use of strain gauges on surface of

Tower, blades.

structural member or fibre optic
cables embodied within structure.

Electrical

Online

Effects

Monitoring of voltage and current

Generator, motors,

input or output of electrical machines.

grid interface.

Motor Current Signature Analysis
(MCSA) typically employed.
Shock Pulse

Online

Method

Detection of mechanical shocks

Bearings.

generated when bearing comes into
contact with damaged raceway or
debris. Occasionally used to support
vibration analysis.

Ultrasonic

Online/Offline

Testing

Propagation and measurement of

Tower, blades.

ultrasonic waves through structural
members for the detection of surface
and subsurface defects.

Radiography

Offline

Use of X-ray imaging to examine

Blades.

condition of critical structural
components, detection of cracks by
analysing backscatter.
Thermography

Offline

Use of thermal cameras to identify

Electrical

hot spots in electrical equipment due

components e.g.

to poor contact or system faults.

contactors, fuses.
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A study by Marnoch describes the design of a CMS specifically for a tidal turbine [22], and draws
principles from OWT condition monitoring. The monitoring of multiple components is proposed,
including generator bearings, gearbox, shaft misalignment, shaft deflection, mechanical looseness,
tower blade vibration, lubrication oil level and hydraulic oil quality. Similarly, Kelly considers
relevant condition monitoring methods available to WECs [91], this includes the monitoring of
generator gearbox and bearing health by vibration, acoustic emission and temperature sensors, in
addition to stator and rotor health by evaluating current output, power and flux.

3.4.2 Modelling Approaches and Signal Processing Techniques
The derivation of meaningful information from sensor data requires signal pre-processing, this
allows for feature extraction from raw datasets and the preparation of data for further analysis. A
list of data and signal processing methods according to [87] is given in Table 3-6.
Once condition monitored data is pre-processed, it may be used in physics-based or data-driven
models to identify abnormal behaviour; if the features extracted from the data deviate significantly
from ‘normal’ operational data, exceed safe thresholds or exhibit abnormal characteristics, this may
indicate the presence of an impending or recent component fault.
Physics-based models integrate knowledge of the system design and typical operation to predict
expected behaviour given a set of operating conditions, this may be used for abnormal behaviour
detection by comparing measured data with expected values [92] or for Remaining Useful Life (RUL)
prognosis by modelling damage accumulation [93]. For example, in [92], the knowledge of kinetic
energy transmission and dissipation within a WT drivetrain is used to relate gearbox temperature
with transmission efficiency, in turn this is used for the detection of faulty operation by observing
the changing relationship of gearbox oil temperature rise relative to power output.
On the other hand, data-driven models perform regression or classification on healthy or abnormal
behaviour in relation to baseline historic data or identify patterns in datasets. Early timeseries
analysis and forecasting has made use of an auto-regressive, moving average model to generate
timeseries data [94]. With the increase in computing power, the algorithmic identification,
classification or pattern recognition of faults, or machine learning, has become more widespread.
Machine learning may be divided into Supervised and Unsupervised Learning methods. Supervised
Learning deals with the classification or regression of data where a labelled training dataset is
available, this enables the operator to ‘teach’ the algorithm the implications of its outputs, e.g. if
certain features correspond to a faulty component signature. Unsupervised learning applies
clustering and pattern recognition algorithms to identify trends in the data where the outputs are
unknown, e.g. a trend between two sensor outputs may be used to infer normal operation.
32

Table 3-6 Data and Signal Processing Techniques for OWTs. [87]

Signal Processing Technique

Description

Typical Application

Statistical methods

Common statistical measures such as Root

Vibration analysis

Mean Square (RMS) value, peak amplitude,
shape factor, crest factor, kurtosis, energy
ratio of signal.
Trend analysis

Identification of trends between various

Performance

data signals by applying pattern

monitoring

recognition algorithms.
Filtering methods

Elimination of redundant or non-useful

Vibration analysis

data, e.g. background noise.
Fast-Fourier Transform

Conversion of a digital signal from the time

Vibration, acoustic

domain into the frequency domain,

signal analysis

allowing isolation of frequency
components of interest.
Wavelet transforms

Time frequency technique appropriate for

Vibration analysis

non-stationary signals, decomposition of
signal into different frequencies.
Time Synchronous Averaging

Time-domain analysis

Filters noise of time domain signal by

Vibration analysis,

assessing features over a given period.

rotating signals

Analysis of the relationship of signals in the

Electrical effects.

time domain, e.g. phase angle of rotor and
stator current.
Cepstrum analysis

Inverse Fourier transform of the

Vibration analysis

logarithmic power spectrum; analysis of
sideband frequencies.
Amplitude demodulation

Extraction of low-amplitude and low-

Vibration analysis.

frequency signals masked by higher energy
sources of noise.
Order analysis

Suitable for variable speed operating

Rotor imbalance

machines. Oscillations out of phase of

vector.

other signals separated and analysed
individually.
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The selection of a data-driven or physics-based modelling approach depends on the available failure
data, timeframe available for analysis and expert knowledge of system design. A comparison of a
physical model to signal trending and Artificial Neural Networks (ANN) is made in [95], in this study,
the physical model is found to show the most success in identifying abnormal conditions and issuing
a low rate of false alarms. However, physical models require time and development effort to build
and tune for specific devices.

3.4.3 Fault Detection and Diagnosis
Physical Subsystem and Component Monitoring
The field of MRE specific condition monitoring research is relatively new but growing, with literature
particularly available for the monitoring of Tidal Turbines, arising likely due to the higher degree of
design convergence and similarity of drivetrain to OWTs.
Allmark describes the creation and verification of a parametric TEC rotor torque model, the model
provides a flexible tool for the recreation of known rotor behaviour under operational conditions
not easily replicated in tank-based experiments. The model uses Time Synchronous Averaging (TSA)
to pre-process rotor loading data and is verified using experimental data gathered from a flume
[96]. This model has been applied for the detection of rotor imbalance faults, using normalised
parameter surfaces to characterise the TEC under normal and abnormal operation [97]. Using the
Sum of Surface Error (SOSE) method, the discrepancy between simulated normal and rotor
imbalance, simulated by setting the pitch angle of the TEC blades with asymmetrical offsets, may be
calculated.
The effect of deliberately offset blade pitch angle on the thrust forces on a TEC substructure has
been investigated [98], using Synchronised Windowed Fourier Transforms, the optimum and offset
blade scenarios were detected successfully.
The detection of rotor imbalance faults is subject to environmental effects of wave action and
turbulence intensity, Zhang circumvents this by applying Empirical Mode Decomposition (EMD) to
extract fault features from the stator current signature of a TEC generator used in a flume test [86].
The analysis is performed on the stator current amplitude and frequency signals, whereby the
Power Spectral Density (PSD) is computed to extract the imbalance signature. The results of the
study indicate a promising technique for eliminating the effect of turbulence conditions from the
fault detection process, however, this technique has been performed under controlled experimental
conditions using different imbalance fault severities and turbulence intensities and would require
appropriate tuning of model parameters in real sea conditions.
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The monitoring of strain on TEC blades or WEC composite structures may be conducted using fibre
Bragg gratin sensors such as those deployed on OWTs [99]. To overcome the challenges of data
transmission, fibre optic slip rings have been successfully tested on a vertical axis TEC in an
experimental set up [100]. More innovative techniques are available for TEC blades, using Long
Range Ultrasonic Technology (LRUT) for the detection of cracks, debonding and delamination in
heat-activated epoxy and polyester composite systems [101]. The analysis of power output to
monitor blade performance has been proposed for both TECs and OWTs [39], [102].
The use of test rigs is a popular method for simulating normal and faulty drivetrain operation. In
[103], Yang demonstrates a method for electrical fault and shaft imbalance detection that is not
susceptible to the varying loads exhibited by marine turbines. A condition monitoring criterion is
developed based on power factor and the phase angle between voltage and current zero-crossings.
In [104], Mjit et al details the development of a ‘Smart Vibration Monitoring System’ for the
bearings of an ocean turbine drivetrain. The drivetrain is simulated using a dynamometer test rig
with a 20kW generator, whereas imbalance faults are simulated by varying weights applied to the
gearbox drive-end shaft. Multiple features are extracted from the vibration data and classified,
these include the signal PSD, power cepstrum and kurtosis. In addition, Hilbert transform analysis is
also applied. The performance of these fault detection techniques are compared in [105].
Using the same test rig, a number of supervised Machine Learning (ML) algorithms have been
deployed to classify normal and faulty bearing data, the latter data generated by use of a soft or
hard hammer touch to the bearing system [106]. After feature extraction using a Haar Wavelet
transform, seven ML techniques used to classify information: decision tree, Bayesian network, kNearest Neighbours, Logistic Regression, Neural Network, Support Vector Machine and Random
Forest learner. Amongst the algorithms, Naive Bayes, Logistic Regression and Nearest Neighbours
provided the highest rates of misclassification, whilst the Random Forest and Decision Trees were
best performing. Further explanation of these machine learning methods is found in [106].
In lieu of a test rig, purely data driven approaches have been used in the simulation of generator
faults. In [107], the simulated line and phase currents of a synchronous generator are used to
determine a number of fault conditions using a space vector model. By altering the model inputs,
short circuit, over temperature and over frequency condition are simulated, and the effect of the
fault condition on the stator line and phase current is observed.
In order to increase the robustness of fault detection of TEC drivetrain faults, Acoustic Emissions
(AE) monitoring has been combined with Vibration Analysis (VA) [108]. Tests were conducted using
a submerged drivetrain test rig with 3-stage gearbox and 3-phase motor, and faults were induced by
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applying a defect to the main gear. In simulated fault conditions, algorithms pertaining to the
analysis of AE or VA both successfully detected faults.
AE has been extended to the condition monitoring of WECs; the operation of the Pelamis,
ScotRenewables and Lysekil devices exhibit noise increases when subject to unexpected stresses
such as broken blades, incorrect assembly, wave slamming or the degradation of structural parts.
The Fred Olsen buoy, a point absorber WEC was recorded over a 2-year period with 0.5s bursts
reaching 90dB, however due to the transmission loss due to spreading, significant deviation was
experienced in the propagation models [109]. Further work will need to be conducted to verify the
effectiveness of this method for condition monitoring of operating devices.
MRE typically incorporate hydraulic subsystems in some form, such as Power Take Off (PTO),
mechanical brake or mooring chain adjustment systems. A range of sensors are available in industry
for the condition monitoring of hydraulic oil, including relative humidity sensors, particle counters,
dielectric constant sensors, viscosity sensors and oil properties sensors [110]. These sensors are
typically sensitive to fluctuating external conditions, as such this study describes the accelerated
testing of an oil properties sensor under varying temperature and vibration profiles to investigate
and decouple their impact on measurement. Condition monitoring of hydraulic motors has also
been investigated, in [111], current signature analysis of a hydraulic motor has been demonstrated
to detect leakage within a hydraulic system.
Performance Monitoring and SCADA Analysis
Where run-to-failure datasets or lifecycle data is not available, unsupervised machine learning
methods involving pattern identification must be employed. Galloway applies the Cross Industry
Standard Process for Data Mining (CRISP-DM) process model for the evaluation of tidal turbine data
[112], which uses statistical analyses to identify key parameters and relationships in the data,
organise sensor data by operating condition, model key trends using curve fitting.
In this study, PCA is used to determine parameters capturing a high variance in the data, indicating
the significance of generator output power and shaft speed signals in driving relationships with
other data signals. Curve and envelope fitting techniques are then applied to data parameters such
as generator vibration vs. output power. Training set data from October 2013 are evaluated using
test data from subsequent months. Anomalous data is highlighted but attributed to seasonal
variation rather than component wear or fault.
The use of deep learning is investigated as a method for fault detection by benchmarking the
performance of a deep learning neural network against feature-based classification techniques
including Support Vector Machines (SVM), Decision trees and k-Nearest neighbour algorithms [113].
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The Vold-Kalman filter was used to extract features as it is appropriate for non-stationary signals.
Amongst the feature based techniques, a cubic SVM performed the best with 96.86%, compared to
the deep neural network with 99.93% and 100% pre-tuning and fine-tuning accuracy respectively.
In the offshore wind industry, performance monitoring using Supervisory Control And Data
Acquisition (SCADA) data has been long established. Using a criterion based upon the principle of
least squares, the correlation of present (observed) and historic (baseline) datasets may be
evaluated [39]. This has led to the successful identification of the deteriorating relationship between
generator power and wind speed in unlabelled data, and the impact of a fault on bearing
temperature using labelled data.

3.4.4 Prognostics and Health Monitoring
The objective of prognostic algorithms is to determine a Remaining Useful Life (RUL) of a subsystem
or component. Wald describes a number of Prognostics and Health Monitoring (PHM) techniques
available to autonomous ocean systems, specifically tidal turbine arrays. These are listed on Table
3-7. A comprehensive review of prognostics algorithms used in the OWT industry is made in [114].
Table 3-7 Prognostic and Health Monitoring Techniques for MRE Devices. [115]

PHM Technique

Model Based / Description
Data Driven

Life cycle load

Model

flow chart
Physics based

State machine describing degradation state of a system,
often incorporates fatigue life estimation.

Model

model

Incorporation of physical and chemical material behaviour of
system to evaluate abnormalities or current condition.

Expert systems

Model

Set of rules that attempt to mimic human decision making.

Fault trees

Model

Description of possible faults, associated consequences and
sensors required for their detection.

Artificial Neural

Data Driven

Network

Biologically inspired computational network incorporating a
set of nodes or ‘neurons’, neurons in one layer receive inputs
and supply outputs to the next using non-linear functions.
Weights attributed to neurons and their connections are
adjusted as training data is used to teach the ANN how to
classify information. Specific classes detailed in [115].

Physics- and

Hybrid

Field data obtained from system used to determine state of

condition-based

component, knowledge of component interactions used to

model

predict overall lifetime of system.
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The drawback of model-based systems is the requirement of expert knowledge and the difficulty of
foreseeing the interactions of all components of a complex system. In this regard, data driven
methods excel due to their ability to deal with large datasets and can be deployed for automated
processing, however, data-driven approaches assume no new state will be found outside of the
training data. Hybrid models may be used to reduce the uncertainty associated with a singular
approach.
A MRE gearbox hybrid prognostic model has been developed by Elasha et al, and combines
estimated drive train loading spectra, gear geometry and fatigue resistance characteristics into a life
prediction model [116]. Bending and pitting stress spectra, geometric features and fatigue
resistance factor equations are employed to estimate the damage index. In this way, Remaining
Useful Life may be calculated based upon accumulated damage index and average damage index
per tidal cycle.
The application of Adaptive Neuro-Fuzzy Inference Systems (ANFIS) to the detection and prognosis
of anomalous OWT behaviour is described by Schlechtingen [117]. Firstly, a fuzzy expert system is
trained to set a baseline for normal behaviour of components and detects anomalies in SCADA data,
secondly a fuzzy expert application module provides condition classification of the component.
Condition prognosis is demonstrated for systems including the cooling system filter, converter fan,
anemometer and turbine controller [118]. The fuzzy reasoning process may be updated to improve
classification accuracy to ensure the logic is relevant over the lifetime of the OWT.

3.5 Instrumentation and DAQ Architectures in Marine Renewable Energy
The aim of this section is to conduct a review on the state-of-the-art instrumentation and DAQ
architectures used in wave and tidal energy devices in order to inform DAQ system design for
Condition Monitoring. In this section, various remote and grid connected DAQ architectures are
reviewed in order to establish best-practice architectures according to size and scale of established
condition monitoring requirements.
This review describes the theoretical framework of instrumentation and Data Acquisition, focusing
firstly on remote DAQ architectures, which include instrumentation buoys or platforms for the
collection of environmental and operational data ([119], [120]), self-contained WEC-generic power
and DAQ systems that allow for the evaluation of a range of WEC prototypes ([121]–[125]), and
dedicated WEC-specific power and DAQ systems to facilitate the operation of a specific WEC ([32],
[33]).
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3.5.1 Theoretical Framework
The enabling foundation of condition monitoring is robust instrumentation. Instrumentation and
Data Acquisition (DAQ) systems furthermore facilitate device power performance monitoring,
device motion measurement or wave or tidal resource characterisation. The collection of field data
for an MRE prototype in this way may be used to feedback to design, optimise operations and
maintenance strategies and validate numerical and experimental models [38].
The collection of field data involves aggregating a series of physical measurements, converting
analogue and digital input data into a series of bits, and communicating this information for
visualisation, storage and post processing. The typical flow of data, as illustrated on Figure 3-10,
begins with a physical measurement by a sensor. A device for measurement and control, such as a
microcontroller (MCU), DAQ unit or PLC, then performs the signal transduction. This data must then
be communicated via a form of signal transmission to the operator or database [126].

Figure 3-10 Flow of Data from Measurement to Information

3.5.2 Device Specific Instrumentation
In a review conducted on measurements made by multiple WEC devices deployed for testing at sea
[127], a summary of instrumentation across various devices is made. The devices in the summary
include large, articulated structures such as the Mighty Whale and Wave Dragon, and several point
absorber type WECs including the Oceantec device, Lysekil project and Backward Bent Duct Buoy.
This information is summarised in Table 3-8.
From Table 3-8, the most common measurements are observed, this includes measurements of
incident wave resource or environmental parameters, mechanical and electrical parameters in the
conversion of wave energy to electricity, parameters associated with device motion and control of
the PTO, and general status indicators and measures of device condition.
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Table 3-8 A Summary of Reported Measurements made by Multiple Wave Energy Converters over the course of Testing at Sea. Reproduced from [127].
Site data

Surface
elevation
Wind speed
Pressure at
seabed
Wind direction
Currents (ocean)
Air temperature
Air pressure
Water level
Device data
Electric power
(voltage/current)
Air pressure in
device
Buoy/vessel
motion/tilt
Mooring
force/tension
Water level in
device
Structural stress
Device
temperature
Generator speed
Line or piston
force
Visual
Pressure of
working fluid
Piston/translator
position/velocity
Relative buoy
position
Turbine torque
Flow of working
fluid
Slamming
pressure
Humidity in
device
Vibrations
Magnetic flux
Air velocity

No# of
projects

AWS

BBDB

18

×

×

3
3

×

Energetech

IPS
Buoy

Isaac's
wave
pump

×

Kaimei

Kaiyo

×

×

×

Lysekil
project

Mighty
Whale

MOWC

N2
buoy

Ocean
Energy
Buoy

Oceantec

Oregon
State
University

Removable
Harbors

Salter's
Duck

Sea
Clam

Swedish
Hose
Pump

Wave
Dragon

×

×

×

×

×

×

×

×

×

×

×

×

×
×

1
1
1
1
1

×
×

×
×
×
×
×

14

×

13

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×
×

×

×

×

11

×

9

×

7

KNconverter
/ DWP
buoy
×

×

×

6
5
5
4

×
×

3
3

×
×

3

×

×

×

×

×

×

×
×

×

×

×

×

×

×
×
×

×

×

×

×

×

×

1

×

1

×

×

×

×

×
×

×
×

×
×

×

2
2

×

×

×

×

2

1
1
1

×

×

×
×

×

×

×

×
×
×
×

40

3.5.3 Data Acquisition Architecture
Two C&I architectures are typically employed in MRE prototypes; remote wake, measure and sleep
and continuous data acquisition architectures [128]. Due to the expense of installing a grid
connection for a one-off prototype test at sea, the vast majority of WECs described in Table 3-8
employ a remote data collection architecture typically in conjunction with a telemetry-based system
for data transfer [127]. This will likely present limitations in the data collection campaign required for
condition monitoring of multiple subsystems, due to cost of instruments, power constraints and data
transmission limitations.
Furthermore, the sampling frequencies for condition monitoring vary compared to SCADA systems.
Conventional SCADA systems in offshore wind allow for low-resolution monitoring of the wind
turbine power output and subsystem status, providing sample data at 10-minute averages, whilst
condition monitoring systems may monitor components continuously at <50Hz and capture high
resolution data on demand at >10kHz [51]. Thus the selection of a measurement and control device,
be it an MCU, DAQ unit or PLC, must fulfil the IO demands of the planned measurement campaign,
potentially integrating ancillary DAQ systems for high frequency sampling alongside the main data
collection loop.
Finally, the data collected for condition monitoring will require a form of processing. This may be
conducted at the sensor or subsystem level, locally on the on-board processor or sent to a shore or
cloud-based database for post processing by an operator or cloud-based service. The collection and
processing of this data for device control and fault analysis is illustrated on Figure 3-11.

Figure 3-11 Marine Energy DAQ and Fault Detection System [129].
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3.5.4 Remote Power and DAQ Systems: WEC Generic
To aid the development of WEC prototypes, a number of WEC-generic combined power and DAQ
systems have been developed, these systems feature a controllable electrical load for the WEC
prototype, as well as instrumentation for monitoring device power output and operating parameters.
The PTO Control and Monitoring Unit (PCMU), developed by Sultan et. al to support the Wing Wave
and GECCO WECs, features a Moxa ioLogik Remote Terminal Unit (RTU) controller, which controls a
3kW hydroelectric generator, monitors power output and hydraulic system parameters, stores data
to a local SD card and transmits data via cellular network [121]. The DAQ architecture is illustrated in
Figure 3-12. Similarly, Amon describes a 30kW Power Analysis and Data Acquisition (PADA) system.
Although the power electronics and instrumentation are more sophisticated, the DAQ architecture is
similar in principle. A real time controller (Opal-RT PC/104) runs a hardware-in-the-loop simulator for
PTO control, stores data to internal flash memory and communicates via a wireless modem. It is
deduced that data may be retrieved by short range transmission to the operators vessel [122].

Figure 3-12 PTO Control and Monitoring Unit DAQ Schematic [121]

The Ocean Sentinel buoy is an independently moored power and DAQ system, hosting a larger
electrical load bank capable of providing a 100kW load at 125A and 460V [123]. The buoy provides
auxiliary power, data connection and export power cables to a WEC under test via a 200m umbilical
and facilitates the collection and transmission of environmental resource, power output and WEC
operating data. The physical buoy and WEC connections and DAQ architecture is illustrated on Figure
3-13. The buoy is designed for a payload of 400W continuously at 24V dc, and as such makes use of
solar panels, wind generators and an on-board bio-diesel fuel generator. The ocean sentinel buoy is
designed to interface with instrument systems deployed on the WEC under test, one such system is
the Wave Energy Technology – New Zealand (WET-NZ) device [130], and communicates with the
WEC DAQ system via Ethernet and Fibre Optics (FO) cable.
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Figure 3-13 Ocean Sentinel Buoy. Physical Buoy and WEC Connections (left) and DAQ schematic (right). [123]

Though not necessarily for remote deployments, where auxiliary power and communications are
supplied, the Modular Ocean Instrumentation System (MOIS) is a standardised instrumentation
package designed for MRE device performance characterisation [125]. The MOIS is equipped with a
range of instrumentation including strain gauges, accelerometers, an inertial measurement unit and
voltage and current transducers. The MOIS houses an NI Compact Rio DAQ unit, which is capable of
real-time high frequency sampling and is optimised for low power consumption. Data is transmitted
to the operator via telemetry, GPRS or Wifi, and may be stored in a 500GB onboard buffer. The MOIS
is illustrated on Figure 3-14 in schematic (left) and physical (right) design.

Figure 3-14 Modular Instrumentation System CAD Schematic (left) and Physical (right) Design [125]

3.5.5 Remote Power and DAQ Systems: WEC Specific
O’Sullivan details the development of the PTO and DAQ system for the Ocean Energy Buoy, with the
objective for pneumatic PTO control, monitoring of system operational parameters, data logging and
remote supervision [33]. The DAQ system monitors generator voltage and current, PTO pressure,
speed and temperature and battery service voltage. Sensor outputs are conditioned using a custom
signal condition PCB, before being read by a PLC. A PLC architecture was chosen in favour of MCU
architecture due to the flexibility of programming environment, reduction in custom electronics and
Pulse Width Modulation (PWM) capability without additional hardware. The PTO and DAQ system is
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equipped with on-board diesel power generation, ensuring continuous data may be collected over
week-long operational envelopes. A telemetry system allows data transmission and remote access
from shore, however has resulted in downtime of the device due to failure.
Castellucci describes the control and DAQ system for a point-absorber WEC tidal range compensation
system, deployed at the Uppsala University Lysekil test site [32]. The system is equipped with an
accelerometer, laser distance sensor, inductive speed sensor, battery voltage measurement, current
sensors and strain gauges. Sensors are interfaced to an NI CompactRIO cRIO-9076 controller,
equipped with both analogue input and digital input/output cards. The cRIO uses an RS232 serial port
connected to Global System for Mobile Communications (GSM) to exchange SMS, an Ethernet port
for File Transfer Protocol (FTP) to a local Raspberry Pi MCU and a USB port for USB drive data
storage. The system is powered by two 12V 100Ah batteries connected in series and charged by four
30W CT30 SolarMarine solar panels. The DAQ architecture is presented on Figure 3-15.

Figure 3-15 Point-Absorber Tidal Compensation System DAQ Schematic. [32]

3.5.6 Grid Connected DAQ Systems
The connection of DAQ systems to power and communication infrastructure greatly simplifies the
required DAQ architecture, and provides robust infrastructure for continuous, high sampling
frequency data collection.
The design and implementation of a measurement system for the Lysekil L10 point-absorber WEC is
detailed by Lindblad [131]. Measurements of interest include overheating in the stator coils due to
winding current, WEC structural deformation due to drag and bending forces from the buoy line and
the detection of water leakage into the generator from seal failure. As shown on Figure 3-16, the
point-absorber operates remotely from the WEC stator, whilst the WEC stator transmits analogue
signals and receives auxiliary power from an offshore, subsea substation. As such, no DAQ unit is
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installed on the WEC stator; analogue signals are aggregated from multiple WECs to a single
substation.

Figure 3-16 Lysekil WEC Data Aggregation Architecture (left) and DAQ Schematic (right). [131]

This approach allows for the development of custom Printed Circuit Boards (PCB) for measuring WEC
operational parameters [132]. In this way, DC/DC conversion, sensor sealing, signal conditioning and
shielding and grounding considerations may be taken into account in the design of robust,
application-specific sensors. At the Lysekil test site, the distribution of auxiliary power and
aggregation of analogue signals to and from remote sensors is managed by a subsea hub, which in
turn is controlled by an onshore measurement station, see Figure 3-17. The configuration at Lysekil
uses three NI Compact Rio controllers offshore, responsible for safety and relay control, DC to AC
conversion and data acquisition respectively, and one controller onshore, responsible for resistive
load control and power measurement [133]. The location of DAQ system in a central hub is chosen
due to access issues for maintenance.

Figure 3-17 Auxiliary Power Delivery and Data Signal Aggregation for Lysekil WEC Farm. Adapted from [132].

The subsea hub makes extensive use of Field Programmable Gate Arrays (FPGA), as such the DAQ
system is able to handle higher sampling frequencies without issues with time synchronisation. The
FPGAs are combined with Real Time (RT) microcontrollers to allow for data acquisition and control
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algorithms to be divided into both hardware and software implementations respectively. In this way,
data may be aggregated at varying frequencies across multiple data streams and consolidated on a
PC server, as shown on Figure 3-18. Due to the availability of copper transmission cable to shore and
relatively short transmission distance of 3.1km, a Single-pair High-speed Digital Subscriber Line
(SHDSL) is used to communicate to the onshore DAQ system and PC. However, fibre optic cables are
recommended for greater bandwidth applications [134].

Figure 3-18 Lysekil Site Marine Substation Data Flow - High Frequency Sampling Using FPGAs. [135]

O’Boyle describes a combined DAQ and Distributed Control System (DCS) for the Aquamarine Oyster
device, an oscillating surge converter with a rated capacity of 800kW [38]. The DAQ and DCS system
is used to process WEC data, control offshore and onshore hydraulics, interface with offshore
Acoustic Wave and Current Profilers (AWAC) and oversee onshore electrical and generator
instrumentation. Offshore subsystems are controlled by a slave controller by MacArtney and are
interfaced via an industrial Ethernet network to an onshore ABB PLC [136]. Data is logged at sampling
frequencies of 10Hz, 1Hz and 0.07Hz, generating approximately 300GB of data per year. The level of
synchronisation between the device DAQ system and environmental measurement is extremely high,
allowing for direct comparison of field data to numerical models and tank testing data.
Other notable large or full scale WECs making use of PLC architectures include the Wave Dragon
[137], Pico Plant [138] and Pelamis. The Wave Dragon uses a Balslev PLC to regulate device
buoyancy, control frequency converters and operate the turbine cylinder gates, the PLC is used to
interface with PC equipped with a SCADA system. Similarly, a PLC in the Oscillating Water Column
(OWC) Pico Plant is used for the control of system start-up and shut-down procedures, as well as the
monitoring of failures in the system. In order to facilitate real-time control of the hydraulics PTO
system, the Pelamis WEC uses a series of distributed PLCs across an industrial Ethernet network
[139], this allows for real-time activation of solenoid valves to control the flow and pressure of
hydraulic PTO cylinders, therefore adjusting the device’s reaction to the waves and extraction of
energy.
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Although published literature on the control and DAQ architectures of tidal energy devices is limited,
due to the advanced stage of technology development, commercial devices will almost unanimously
make use of PLC-based architectures. One such device is the Orbital (formerly ScotRenewables)
SR250 prototype which deploys a Beckhoff PLC architecture and uses EtherCAT industrial Ethernet
[140]. The design drivers for the control system are based upon robustness, reliability and minimum
maintenance, as such the system makes use of remote I/Os with protection class ratings IP67. The
PLC controls are functions of the plant including operational monitoring, control of the turbine arms
and data logging.

3.5.7 Operational Challenges
A number of sensor-related failures are documented in literature. Perhaps the most notable and
widely known is the structural failure of a load cell connecting the mooring lines of the Wave Dragon
WEC to its anchoring pile, which resulted in the WEC stranding on a beach during a 100-year storm
event on the 8th of January 2005 [141]. In other deployments, load cells attached to mooring lines
have reported to have failed during and within 48 hours of installation [142]. Sensitive electrical
equipment, despite being rated to an adequate level of weather protection (IP66), has been reported
to fail due to exposure to wind, rain and sea spray [143].
Other difficulties are associated with the operation of remote data acquisition systems. In particular,
power management and energy harvesting is of concern; for WECs that utilise solar energy to power
auxiliary and control subsystems, the difference between the amount of solar radiation in summer
and winter may be the cause of being able to operate the WEC only outside of winter [32]. Wireless
transmission may also be the cause of difficulty, as issues in the telemetry systems may result in
downtime of the WEC and SCADA system [33].
Finally, in both remote and grid-connected architectures, access for maintenance is of concern, due
to the difficulty of accessing WEC prototypes in non-calm sea states [143]. For structural monitoring
applications, strain gauge readings which are manually calibrated onshore drift over time whilst
offshore [32], however this has since been addressed by customised digitally tareable amplifiers
developed for remote operation specifically for WECs [144].
Less literature is available on the difficulty of instrumenting tidal energy prototypes, however most
TECs house instruments within a closed nacelle, and therefore do not expose many sensors to the
subsea environment. Despite this, connection to external monitoring instruments such as ADCPs or
tidal velocimeters requires either appropriately sealed cable glands or subsea connectors, the latter
of which are known for their unreliability [34].
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3.5.8 Summary
In this section device specific instrumentation has been discussed, establishing the different
instrumentation and condition monitoring requirements of various devices. The stage of testing and
TRL of the device is also relevant as this will determine the selection of a remote, battery operated or
grid-connected DAQ architecture. This is intrinsically linked with the scale of the device and data
collection campaign, which will determine the number of I/O for condition monitoring required.
A number of DAQ architectures have been considered in this review, divided principally by the
availability of grid connection and communications infrastructure. This is driven principally by TRL
and stage of testing, which in turn determines controller selection. As such, intermediate stage (TRLs
5-8) devices typically employ standalone DAQ units or the widely used NI Compact RIO real-time
controller, the latter of which offers a high standard of data collection performance due to its real
time operation, high-sampling frequencies and high configurability. However, as devices transition to
technological maturity (TRLs 7-9), PLCs become favoured due to their modularity, robustness, and
scalability.
Where auxiliary power is not available, remote systems have struggled to maintain constant data
throughout due to power constraints ([32], [121]), however the presence of diesel generators has
improved measurement continuity ([33], [123]). The development of custom electronics has allowed
for robust, accurate and low power measurement systems, which may remedy power constraints,
however the development time of such devices should be considered ([32], [132]).
Similarly, the unavailability of cabled communication links imposes constraints on data transmission
in terms of bandwidth and signal reliability [33], posing risk of device downtime and limiting the
amount of data for retrieval and post-processing. Where communications links are available,
although data transmission over fibre optic cables is preferred, SHDSL communication has been
proved to operate satisfactorily [135].
The availability of grid connection and communications infrastructure significantly increases the
fidelity of the measurement campaign. In lieu of this, developers should consider intelligent methods
of condition monitoring data collection, such as using triggered high frequency sampling bursts in the
event of a detected fault. Nonetheless, without robust DAQ architecture, the condition monitoring
campaign will be limited in the number of parameters monitored or compromised in data quantity.
Another consideration of the condition monitoring potential of a device is the generating capacity of
the prototype; for research and development purposes, having a high number of instruments for the
collection of device operational data is an attractive option, however, for the deployment of
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commercial devices the cost and power requirements of the condition monitoring instruments
deployed must justify their usage. Thus, further study must be undertaken to balance the wealth and
usefulness of data collected for device understanding and risk reduction versus the cost and power
requirements of condition monitoring instrumentation.
Lastly, the challenges of operating in the marine environment are briefly considered, establishing the
need for robust, maintainable and reliable design of instrumentation systems and DAQ architectures.

3.6 Critical Review
In view of the reliability methods available, as summarised on Table 3-4, the FMEA is chosen as a
core reliability tool in the development of a CMS design methodology. The FMEA has been used
before as a robust tool for systematically addressing all device subsystems, determining the high
priority failure modes and for identifying potential condition monitoring solutions.
An advantage of basing the methodology on the FMEA is the substitution of failure rate data with
expert knowledge. RMP, FTA, MCS and Bayesian methods all require the adoption of failure rate data
from surrogate sources. In view of this, the use of expert judgement in the FMEA process makes a
good compromise to between accuracy and relevance of information, and provides a reasonable
approach to obtain quantitative probability, consequence and detection rankings for a device’s
failure modes.
Although the FMEA is chosen to be the centre of the CMS design methodology, it can be
supplemented with additional reliability methods such as RMP and FTA, which will improve in
accuracy as MRE reliability data becomes more available.
In existing literature, although efforts have been made to quantify the cost-benefit of CBM and apply
scoring systems to proposed condition monitoring solutions, the trade-off between risk reduction
and capital cost in the selection of CMS upgrades as part of a wider portfolio has not been explored.
In light of economics-based Modern Portfolio Theory, which implies that an optimum combination of
assets may be chosen to maximise return on investment given a level of risk, a portfolio approach to
CMS design is proposed, which maximises the reduction in FMEA risk with the overall cost of the CMS
system.
This approach requires a thorough understanding of appropriate monitoring hardware, and careful
consideration of the DAQ architecture to be employed on the MRE device. In this review, the stateof-the-art of condition monitoring in the MRE industry has been considered and amalgamated with
literature from the OWT industry. This provides a basis with which to devise condition monitoring
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solutions for identified failure modes. However, knowledge of the cost of implementing these
solutions will also be required.
An in-depth review of DAQ architectures employed in the MRE industry has also been provided,
observing the evolving demands of DAQ systems as MRE devices transition from intermediate stage
prototypes towards commercial devices. Factors such as the availability of electrical power and
communications infrastructure should also be considered in the design of a robust DAQ architecture.
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4 Methodology
4.1 Overview
This chapter describes the methodological framework used to design a Condition Monitoring System
(CMS) for a Marine Renewable Energy (MRE) device. This methodology is illustrated on Figure 4-1.

Figure 4-1 Closed-Loop Methodology to Design a CMS for an MRE Device
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The approach illustrated on Figure 4-1 centres around the Failure Mode and Effects Analysis (FMEA),
which in section 3.6 is established as the most relevant tool for identifying the failure modes of a
device and appropriate detection methods to monitor them. In the proposed methodology, the
FMEA risk ranking is balanced against the capital cost of each CMS upgrade in a proposed
instrumentation portfolio.
In Figure 4-1, the FMEA is used to compile a register of failure modes and their associated effects.
These are prioritised if their Risk Priority Number (RPN) exceeds an acceptable threshold; this
threshold is typically determined or modified by the FMEA participants at the end of the exercise.
Once prioritised, an appropriate condition monitoring method may be proposed to monitor the
failure mode.
This process yields a list of priority failure modes and methods for their detection and condition
monitoring. The list produced is then used as the basis for selecting sensors for a proposed
instrumentation upgrade portfolio. In this research project, this selection process has been
conducted using two different approaches, which have been driven by the requirements of the
industrial sponsors Albatern and Nova Innovation. The respective aims of the studies are as follows:
•

Design of Wave Energy Converter (WEC) CMS with secondary aim to improve robustness of
existing instrumentation and DAQ architecture for collection of operational and condition
monitoring data.

•

Design of Tidal Energy Converter (TEC) subsystem CMS for integration of upgrades into
existing DAQ system, with secondary aim to improve understanding of subsystem behaviour
and inform predictive maintenance.

In the first study, the proposed failure detection methods are divided into functional groups based
on subsystem and considered alongside measurement priorities defined by the engineering team.
Taking sensor capital cost and power requirements into account, as well as existing instrumentation
and the device maintenance strategy, a selection of the proposed upgrades and the required DAQ
hardware is manually chosen as part of the instrumentation upgrade portfolio.
In the second study, a quantitative risk versus cost approach is undertaken to determine the most
cost-effective combination of sensor upgrades for the identified priority failure modes. This approach
makes use of a detection ranking matrix that compares the existing detection capabilities of the
current instrumentation portfolio to the potential risk reduction of a proposed instrumentation
portfolio. Using a greedy selection algorithm, described in section 4.5.2, sensors are added to the
instrumentation upgrade portfolio until all potential risk is reduced.
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Upon further consideration of the cost, project timeframe and complexity of installing the proposed
instrumentation upgrades, a final selection of instrumentation is put forward for installation on the
device. After the implementation of the selected upgrades, a deploy, monitor and evaluate process
takes place. Data collected is used for appropriate signal processing and integrated into diagnostic or
prognostic models. In turn, the detection method may be evaluated for its effectiveness and the
failure mode ranking may be revised. In this manner the FMEA is used as a live document to inform
the CMS upgrade process.
Where previous studies have used the FMEA and FTA to suggest CMS solutions for identified failure
symptoms, they have not provided a means of consolidating the proposed CMS solutions into a
portfolio that maximises risk reduction given a capital cost of DAQ and sensor upgrades. This
methodology addresses the risk and cost optimisation problem using a portfolio approach to CMS
upgrade selection; following Modern Portfolio Theory, a portfolio approach seeks an optimum
combination (or ‘efficient frontier’) of assets that maximises return given a level of risk. This is
highlighted on Figure 4-1 as a key contribution.
The benefit of using a portfolio approach is the ability to consider CMS upgrades in parallel to
achieve the highest risk reduction given a level of capital cost. This approach is envisioned to aid
developers with constrained budgets by accounting for the diminishing returns of over-monitoring,
and by striking a balance between increased monitoring and cost-effectiveness.
Section 4.2 describes the set up and execution of the FMEA used in the study, in Section 4.3 a
number of detection methods for the monitoring of failures associated with MRE subsystems is
provided. Sections 4.4 and 4.5 detail two approaches used for sensor selection. Finally, section 4.6
describes the selection of the final portfolio and ongoing monitoring processes.

4.2 Failure Mode and Effects Analysis
4.2.1 Process
The FMEAs conducted in this research project were based on the DNV-RP-A203 Qualification of a
New Technology document [145], which provides guidance for demonstrating that a new technology
fulfils the specified requirements of its intended use. Within the qualification guidance, a failure
mode assessment is required, for this process a Failure Mode Identification template [146] is
provided.
The failure mode assessment consists of identifying all possible failure modes of each sub-assembly
or component of the MRE device and determining the root cause of failure. In turn, the failure modes
are assigned a probability and consequence ranking according to a risk matrix, which is defined in
section 4.2.4. With a view to inform the selection of sensors for a condition monitoring system, a
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detection ranking was included to help inform where risks may be mitigated by introducing online
monitoring equipment.
The assignment of risk rankings is made primarily through expert judgement and supplemented by
operational experience and field data from existing technologies. Once complete, the RPN of each
failure mode is then calculated by taking the product of the probability, consequence and detection
rankings; a detection ranking is included to emphasize where risks may benefit from online
monitoring. Depending on predefined risk thresholds, risks may be classified as very low, low,
medium or high. Following this, failure modes classified as medium or high are prioritised for
condition monitoring.
Additionally, other features of the FMEA were considered. This included proposed engineering
design changes to the MRE device to mitigate the high-risk failure modes and the assignment of
failures into groups for creating risk-based inspection practices.

4.2.2 System Break Down
The first process of the FMEA is to divide an assembly into its constituent parts. This may be
conducted on a locational or functional basis. For MRE devices, it is elected to break the device down
by function, this follows the Structural Design of Wave Energy Devices (SDWED) guidance by DNV GL
[147]. Figure 4-2 demonstrates the deconstruction of a WEC into its constituent subsystems, shows
the interface between each subsystem and displays the transmission of environmental loading,
electrical power, command and measured parameters and force.

Figure 4-2 SDWED Generic WEC System Breakdown [147]
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Each subsystem is broken down further into its constituent functional components. An example of
this process applied to a Hydraulic Power Take Off (PTO) is given in Table 4-1.
Table 4-1 Typical Hydraulic PTO Components, adapted from [147] and [148].

ID Component

Function

1

Check Valve

Control flow, pressure and direction of fluid.

2

Motor

Convert fluid power into linear or rotary motion.

3

Pump

Convert linear or rotary mechanical power to fluid power.

4

Filter, heater or heat exchanger

Condition fluid characteristics.

5

Pipe, Manifold, Hoses

Connect different components in hydraulic circuit.

6

Fluid

Working medium of hydraulic system.

7

Accumulator

Storing of hydraulic potential energy.

Components are typically assigned an identification number based upon their host subsystem to aid
with taxonomy. This allows for the systematic analysis of each component group by the relevant
group of experts.

4.2.3 Failure Modes and Root Causes
A failure mode is the way in which a component or subsystem ceases to perform its intended
function. An MRE device is considered to have failed when it is no longer capable of fulfilling its
intended functions, these may be defined as the ability to:
•

Capture mechanical energy from the waves or tide

•

Convert the energy intro grid-compatible electricity

•

Transmit the energy to a point of distribution or use

•

Keep station and withstand environmental conditions at the deployment site

The failure modes in an FMEA will vary depending on the MRE device under analysis. A list of
common failure modes derived from the FMEA process conducted on the Albatern Squid 6 Series
WEC is provided on Table 4-2. These failure modes were informed by a combination of internal
consultation, academic [53], [59] and industrial resources [34], [149].
Table 4-2 Common Failure modes of a WEC
Moorings

Structural

Hydraulic

Electrical

Instrumentation

Loss of pretension

Loss of watertight integrity

Seal failure

Electrical short

Calibration error

Entanglement

Hull breach

Hose burst

Connector fault

False alarm

Drags from position

Structural failure

Water ingress

Generator failure

Software fault

Structural failure

Deformation / yielding

Oil leakage

Electrical overload

Intermittent output

Incorrect orientation

Disconnection

Valve jams shut/open

Battery failure

Comms. failure
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The event that is responsible for triggering the failure mode is known as the root cause. A level of
consistency was sought in the attribution of failure root causes, as such, a number were adopted
from an FMEA conducted for an offshore wind turbine [59], and expanded using expert judgement to
suit MRE devices, see Table 4-3.
Table 4-3 Common Root Causes of Failure of MRE Devices

Mechanical

Electrical

Hydraulic

Structural

Corrosion

Calibration Error

Contamination -

Design fault

Debris
Fatigue Limit State
(FLS)

Connector failure

Ultimate Limit
State (ULS)

Electrical short

Accident Limit
State (ALS)
Insufficient
lubrication

Insulation failure
Lightning strike

Overheating

Loss of power

Contamination -

Marine
Environment
Entanglement moorings

Service loads

Biofouling
(airborne)

Poor installation

Marine growth
(subsea)

Overpressure

Maintenance fault

Ship impacts

Miscibility – poor

Manufacturing
defect

Foreign body
impacts

Moisture
Contamination Air

mixing
Choked – excessive
flow

Bolt loosening

Conducting debris

Malicious damage

Software design
fault

Vibration fatigue
Material
degradation

4.2.4 Definition of Risk Classes
The assignment of quantitative risk rankings is facilitated by the definition of risk classes, which
correspond to increasing degrees of magnitude. In the studies conducted, the definition of risk
classes was based primarily on the DNV Failure Modes Identification Template [146] and adapted for
application to MRE devices; where appropriate, the definition of risk was informed by relevant
literature. For an MRE device FMEA, Probability and Consequence rankings of 1 to 5 were used and
amalgamated with a Detection ranking of 1 to 4; experts determined the relative importance of
probability and consequence rankings to be higher. This resulted in a maximum RPN of 100.
The probability class was defined beginning with the DNV Failure Identification Template and
modified with reference to a Low-Speed TEC case study [62]. The DNV probability classes range from
a ranking of 1 ‘Very Low’ to 5 ‘Very High’, reflecting an indicative failure rate of 1.0E-04 to 1.0E+00
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per annum respectively. In comparison, the probability ranking determined by Lazakis’ FMEA
quantifies indicative failure rates in relation to the design life of a device and the total number of
devices deployed in a project [62].
Adapting this approach, the failure probabilities listed in Table 4-4 are derived by specifying the
expected number of failures in the design life of a device and the number of devices envisaged in a
project. The annual failure rate is then calculated by using Equation 4-1. Finally, the probability of
failure in the design life of a device is calculated using Equation 4-2, assuming an exponential failure
rate. The design life in Table 4-4 is assumed to be 20 years and the number of devices used is 6.
𝜆𝐴 =

𝜀𝐷
1
=
𝐷 𝑀𝑇𝐵𝐹
(4-1)

𝑃 = 1 − 𝑒 −𝐷∗𝜆𝐴
(4-2)
εD = Expected failures in design life of device
N = Number of devices envisaged in project = 6 devices
D = Design life of device = 20 years
λA = Annual failure rate
MTBF = Mean Time Before Failure
P = Probability of failure in design life
Table 4-4 Probability Risk Class Descriptions

Class

1

Frequency

Very Low

Description

One event per 5*N

Expected Failures Annual

MTBF

Probability

in Design Life of

Failure

[Years] of Failure,

Device εD

Rate λA

20Yr Life

0.033

0.0017

600

3.28%

0.167

0.0083

120

15.35%

1.00

0.0500

20

63.21%

10.00

0.5000

2

100.00%

100.00

5.0000

0.2

100.00%

device lifetimes
2

Low

One event per N
device lifetimes

3

Medium

One event per device
lifetime

4

High

Several events per
device lifetime

5

Very High

Several events per
device each year
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The consequence classes were based on the DNV guidance and modified for a prototype MRE array,
these were defined in accordance with effect on health and safety, environment, assets integrity and
production loss, see Table 4-5.
Table 4-5 Consequence Risk Class Descriptions

Class

Safety

Environment

1

Negligible injury or

Negligible pollution

(Negligible)

effect on health

or no effect on

Assets
Negligible damage

Production Loss
Negligible effect on
production

environment
2

Minor injuries,

Minor pollution or

Minor component

Minor production

(Minor)

health effects

damage to

damage, <£2k

loss, replacement

environment, a

of component, <1

few days

day

3

Multiple minor

Major pollution or

Major, localised

Major production

(Major)

injuries, major

damage to

damage, <£2k-

loss, replacement

injury or health

environment, few

£20k

of module, <week

effects

days to a month

4

Multiple major

Critical pollution or

Critical damage,

Critical production

(Critical)

injuries or health

damage to

<£20k-£100k

loss, replacement

effects

environment, more

of device, <1month

than a month
5

One or more

Massive pollution

Catastrophic

Total loss of

(Catastrophic)

fatalities

event or

damage, total loss

production of array

environmental

of device(s),

impact, over a year

>£100k

Guidance on the development of the detection class was sought from an FMEA conducted for a wind
turbine [59], which draws upon the United States Department of Defence standard MIL-STD-1629A
[57], a commonly referenced standard in several industries covering automotive, aerospace, energy
and military applications.
The detection risk ranking is associated with a systems ability to detect faults primarily through
online monitoring methods currently installed on the system. In proportion to the probability and
consequence rankings of 1 to 5, a scale of 1 to 4 was employed for the detection class, this was
determined by prioritising the significance of the probability and consequence classes for a selection
of benchmark failure cases. The definitions for each detection class are given in Table 4-6.
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Table 4-6 Detection Risk Class Descriptions

Class

Likelihood of Detection

Time to Detect

1

Installed monitoring methods almost certainly detect

<1 hour

2

Good likelihood installed monitoring methods will detect

<24 hours

3

Low likelihood installed monitoring methods will detect

Within 1 week

4

No monitoring methods installed or available

Over 1 week

With each risk class now defined, the overall RPN may be calculated by taking the product of each
risk ranking, Equation 4-3.
𝑅𝑃𝑁𝑝∗𝑐∗𝑑 = 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 ∗ 𝐶𝑜𝑛𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 ∗ 𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛
(4-3)
Based upon expert judgement and the perceived level of overall risk, the risk matrix on Table 4-7 was
developed based upon an FMEA template provided by Wave Energy Scotland [149].
Table 4-7 Risk Matrix for an MRE Array.

Probability Detection Pro*Det

1

2

3

4

5

Key

2
2
4
6

Consequence
3
3
6
9

1
2
3

1
2
3

1
1
2
3

4

4

4

8

12

16

20

1

2

2

4

6

8

10

2

4

4

8

12

16

20

3

6

6

12

18

24

30

4

8

8

16

24

32

40

1

3

3

6

9

12

15

2

6

6

12

18

24

30

3

9

9

18

27

36

45

4

12

12

24

36

48

60

1

4

4

8

12

16

20

2

8

8

16

24

32

40

3

12

12

24

36

48

60

4

16

16

32

48

64

80

1

5

5

10

15

20

25

2

10

10

20

30

40

50

3

15

15

30

45

60

75

4

20

20

40

60

80

100

Very Low

Low
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Medium

4
4
8
12

5
5
10
15

High

On Table 4-7, the coloured RPN values are obtained by taking the product of the corresponding
probability and detection row values and consequence column value. Failure modes with RPN falling
into the High or Medium risk ranges are prioritised for condition monitoring, this is discussed in the
next section.

4.3 Detection Methods for Condition Monitoring
Once the list of priority failure modes is produced, a list of proposed detection methods for their
condition monitoring is gathered. This is achieved by examining the root cause and failure
mechanism of the prioritised failure mode, identifying the relevant physical parameter to measure,
and suggesting a sensor appropriate for measurement.
The objective of this section is to provide guidance for sensors relevant to different MRE subsystems, rather than provide a comprehensive summary of all types of instrumentation. It is noted
that the list provided is not exhaustive and will alter gradually after the date of publication as
technology improves and costs reduce. Furthermore, while the focus of this section is on sensors,
general considerations of DAQ architecture for CMS design are discussed in Chapter 5.
Relevant measurement parameters and sensors for their detection are provided on Table 4-8,
information regarding the power requirements, indicative cost and signal and communication
outputs is also provided. Further information for the envisaged sensor application, as well as model
and supplier data of the example sensor considered may be found in Appendix B.
The information presented has been gathered from the supplier’s website, relevant datasheet and
list price; effort has been made to draw data from suppliers with listed prices in their online
catalogues. Where an indicative cost has been obtained by quotation, this has been noted in the cost
column. Effort has also been made to identify cost-effective solutions without compromising quality
of measurement. Finally, it should be noted that costs may significantly decrease with economies of
scale.
The information provided in Table 4-8 is high-level; cost of sensor integration and infrastructure are
considered further in depth in Chapters 5 and 6. Attention has been paid in the selection of sensors
with an integrated amplifier producing a 4-20mA output, where additional signal conditioning
circuitry is required, the costs for such equipment have been noted where appropriate.
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Table 4-8 Measured Parameters and Sensors for their Detection by MRE Subsystem.

Sub-System Measured Parameter

Sensor

Moorings

Mooring loads
Displacement
Inclination angle
Inclination angle
Orientation,
acceleration
Water leakage
Water leakage
Tension, compression,
shear, torsion

Structural

Hydraulics

Electrical

Load shackle
Drag wire potentiometer
Inclinometer

Cost
[£]
1100*
495*
255

Power
[W]
0.2
0.2
2.2

Inclinometer
Inertial measurement unit

190
1475*

0.4
0.55

4-20mA
4-20mA
4-20mA, IO-Link,
CANBus
4-20mA
RS232

0.2
0.2
0.5

PNP
4-20mA
Req. interrogator ~£500

Level switch
120
Humidity and temp sensor 160
Fibre optic strain gauge
250*

Signal

Tension, compression, Strain gauge – half/full
shear, torsion
bridge

45/90

0.2

Req. amplifier ~£100

Bolt strain
Bolt compression
Valve position
Cylinder position

Bolt strain gauge
Load washer
Valve sensor
Linear variable
displacement transducer

150
260
110
345

0.2
0.2
0.2
0.3

Req. amplifier ~£100
Req. amplifier ~£100
PNP
4-20mA

Fluid temperature
Fluid temperature
Pressure
Pressure
Filter pressure drop
Flow rate
Flow rate
Relative humidity and
temperature

Temperature sensor
Temperature sensor
Pressure transducer
Pressure switch
Clogging indicator
Flow sensor
Flow sensor
Moisture sensor

80
125
60*
160
610*
240
435
430

0.2
0.5
0.2
0.5
0.5
0.6
2.3
0.3

4-20mA
4-20mA, IO-Link
4-20mA
PNP, IO-Link
4-20mA, PNP
4-20mA, PNP, IO-Link
4-20mA, PNP, IO-Link
4-20mA

Oil viscosity and
dielectricity

Oil condition sensor

465

1

4-20mA, PNP

Metallic debris
Particulate
contamination

Metallic particle monitor
Inline contamination
monitor

2720
1610*

5
2.2

PNP, RS485, Modbus
PNP, RS232, RS485,
Modbus

Reservoir level
Current
Voltage
Temperature
Rotational speed
Rotational speed

Electronic level sensor
Current transducer
Voltage transducer
PT100 temperature probe
Inductive speed sensor
Incremental rotary
encoder
Absolute rotary encoder
Inline torque transducer
Strain gauge with wireless
transmitter

370
145
145
25
55
145

0.6
1
1
0.2
0.3
0.5

4-20mA, PNP, IO-Link
4-20mA
4-20mA
RTD amplifier £50
PNP
HTL, IO-Link

210
1335
3630*

1
2.75
7.5

CANBus
4-20mA, RS232, CANBus
RS485

0.3
0.9
0.3

4-20mA

Rotational speed
Torque
Torque
Drive shaft alignment
Vibration
Vibration

Inductive proximity sensor 85
Vibration transmitter
200
Vibration sensor
150

*Cost derived from quotation, rather than list price.
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4-20mA. High freq
Analogue amplifier

4.4 Approach 1: Functional Sensor Packages
In this initial approach, the list of proposed detection parameters is grouped by subsystem and
considered as functional upgrade packages. For example, instrumentation associated with the
condition monitoring of the generator is considered as one upgrade. As such, the total cost, power
consumption and practical installation requirements of the upgrade packages may be considered,
allowing the measurement priorities to be determined by expert judgement. This process is
illustrated on the flowchart Figure 4-3, which is an excerpt of Figure 4-1.

Figure 4-3 Approach 1: Division of Sensors into Functional Packages for Instrumentation Selection

Measurement priorities are determined by evaluating the performance of the existing
instrumentation and considering the device maintenance strategy and operational experience. In
light of this, a selection of the proposed upgrades and the required DAQ hardware may be put
forward in a proposed instrumentation portfolio.

4.5 Approach 2: Detection Matrix
In this more developed quantitative approach, a detection matrix is used as a quantitative tool for
risk and cost optimisation. In place of the detection ranking associated with a single failure mode, the
detection matrix attributes a detection ranking to each identified failure mode relative to every
sensor proposed within the instrumentation portfolio.
In this way, the risk reduction and cost associated with each sensor upgrade may be calculated and
used to select an optimal combination of upgrades given a capital budget and risk threshold. This
process is illustrated in the flowchart Figure 4-4, which is also an excerpt of Figure 4-1.

Figure 4-4 Approach 2: Use of Detection Matrix for Instrumentation Selection
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The objective of the optimisation problem is to find an instrumentation portfolio that satisfies the
following objectives:
•

Select a cost-effective number of sensors to reduce the risk ranking of high and medium
priority failure modes by improving detection ranking

•

Provide a level of fault and incipient fault detection for higher priority failure modes as a
minimum

•

Identify gaps in the existing instrumentation portfolio whilst preventing the addition of
instrumentation resulting in redundant improvements in risk ranking

•

As a goal, provide system data that may be used in data-driven machine health models

The set up and use of this detection matrix is described in the following sections.

4.5.1 New Concept
Current Portfolio
The detection matrix is constructed by listing all high and medium priority failure modes and their
corresponding FMEA RPN in a column; the FMEA RPN used is the product of probability and
consequence rankings only. Running perpendicular to this column are the sensors already installed
on the system, considered as the Current Portfolio. A working example is illustrated on Figure 4-5.

Figure 4-5 Detection Matrix – Current Portfolio

For each failure mode in the Current Portfolio, a detection ranking of 1 to 4 is assigned relative to
each sensor. To account for the development of condition monitoring algorithms for the prediction
of incipient failure, the detection rankings described in section 4.2.4 have been modified, these are
described in Table 4-9.
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Table 4-9 Amended Detection Ranking Descriptions

Class
1

Description
Prediction

Provides signal of failure ahead of time, collection of data for
condition monitoring

2

Detection

Allows detection of failure once it has occurred, instrument is
dedicated for purpose and linked to failure mechanism

3

4

Delayed

Can infer upon further inspection after fault or slow, unpronounced

Detection

effect over time, typically indirect to failure

No Indication

No indication of failure apart from obvious system downtime

As expert judgement is applied in the assignment of the rankings in Table 4-9, multiple experts may
be consulted to help reduce the uncertainty of the assigned ranking. Where the assignment of
detection rankings to new applications or new technologies may be uncertain, a provision is made in
the overall method (as seen on Figure 4-1) to review the effectiveness of the condition monitoring
technique as operational experience is gained.
In the beginning of the optimisation, the Current RPN associated with each failure mode is calculated
by multiplying the FMEA RPN with the minimum Detection Ranking in the corresponding row of the
detection matrix (across the Current Portfolio), see Equation 4-4. In turn, the Current RPNs for all
failure modes are summed to obtain the total Current Portfolio Risk, see Equation 4-5.
𝑅𝑃𝑁𝐶𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑅𝑃𝑁𝐹𝑀𝐸𝐴 ∗ min(𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑛𝑘𝑖𝑛𝑔𝐶𝑢𝑟𝑟𝑒𝑛𝑡 )
(4-4)
𝑛

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = ∑ 𝑅𝑃𝑁𝐶𝑢𝑟𝑟𝑒𝑛𝑡
𝑖=1

(4-5)
𝑛 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 𝑚𝑜𝑑𝑒𝑠
Potential Portfolio
The suggested sensors for condition monitoring, as identified by the approaches described in
sections 4.4 and 4.5, are next listed in a Potential Portfolio as shown in green on Figure 4-6. These
improve the capabilities of the Current Portfolio by improving the condition monitoring and fault
detection capabilities of the system against the identified priority failures. Detection rankings are
then attributed to all listed failure modes in relation to each suggested sensor.
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Figure 4-6 Detection Matrix - Potential Portfolio

The Potential RPN of each failure mode may then be calculated by multiplying the FMEA RPN with
the minimum Detection Ranking in the corresponding row of the entire detection matrix (across both
the Current Portfolio and Potential Portfolio), see Equation 4-6. The sum of all Potential RPNs
provides a target Potential Portfolio Risk for optimisation, see Equation 4-7.
𝑅𝑃𝑁𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 = 𝑅𝑃𝑁𝐹𝑀𝐸𝐴 ∗ min(𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑛𝑘𝑖𝑛𝑔𝐶𝑢𝑟𝑟𝑒𝑛𝑡,𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 )
(4-6)
𝑛

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = ∑ 𝑅𝑃𝑁𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙
𝑖=1

(4-7)
Upgrade Risk Reduction
The risk reduction of each sensor upgrade is calculated relative to the Current Portfolio. Firstly, the
Upgrade RPN is calculated by multiplying the FMEA RPN with the minimum Detection Ranking of
both the current portfolio and the sensor’s individual Detection Rankings, see Equation 4-8.
𝑅𝑃𝑁𝑈𝑝𝑔𝑟𝑎𝑑𝑒 = 𝑅𝑃𝑁𝐹𝑀𝐸𝐴 ∗ min(𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑛𝑘𝑖𝑛𝑔𝐶𝑢𝑟𝑟𝑒𝑛𝑡,𝑆𝑒𝑛𝑠𝑜𝑟 )
(4-8)
If the sensor upgrade improves the detectability of the listed failure modes, a lower overall RPN
score is obtained. Taking the sum of all RPNs for each failure mode provides a new Upgraded
Portfolio Risk total if the sensor were to be installed, see Equation 4-9.
𝑛

𝑈𝑝𝑔𝑟𝑎𝑑𝑒𝑑 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = ∑ 𝑅𝑃𝑁𝑈𝑝𝑔𝑟𝑎𝑑𝑒
𝑖=1

(4-9)
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Subtracting the upgraded portfolio risk from the current portfolio risk hence shows the improvement
in risk ranking due to installing the selected sensor. In this manner, the reduction in risk given by
each sensor may be calculated, see Equation (4-10.
𝑅𝑖𝑠𝑘 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 − 𝑈𝑝𝑔𝑟𝑎𝑑𝑒𝑑 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘
(4-10)
The updated working example, showing the Upgraded Portfolio Risk and Risk Reduction of each
sensor upgrade, may be seen on Figure 4-7.

Figure 4-7 Detection Matrix - Upgraded Portfolio

Optimisation
With the risk reduction of the considered sensor upgrades now quantified, an optimisation problem
is presented; a combination of sensors must be chosen for inclusion in a CMS upgrade portfolio that
maximises risk reduction whilst minimising cost. To solve this optimisation problem, a utility function,
Equation 4-11, is formed to combine the risk reduction and sensor cost variables into a single score.
𝑆𝑒𝑛𝑠𝑜𝑟 𝑆𝑐𝑜𝑟𝑒 = 𝑅𝑖𝑠𝑘 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 × 𝑆𝑒𝑛𝑠𝑜𝑟 𝐶𝑜𝑠𝑡 𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡
(4-11)
𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 = Positive real number, typically between 0 and 1.
𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡 = Negative real number, typically between -1 and 0.

In Equation 4-11, risk and cost weight exponents are applied to the sensor risk reduction and cost
respectively; positive risk weights are used to encourage risk reduction scores whilst negative cost
weights are used to penalise the scores of high cost components. In order to explore the solution
space, risk and cost weights are to be manually chosen by the user to influence the outcome of the
algorithm with either a biased or equal focus on risk or cost. The effect of varying the risk and cost
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weights on the resulting risk reduction and sensor cost scores may be seen on Figure 6-6 (section
6.5.3, page 122); the risk and cost weights used in this study may be used as a starting point for other
studies.
The risk and cost weights enable the user to bias the optimisation in favour of choosing costly, high
risk-reducing sensors or low-cost sensors which reduce risk marginally. For example, by choosing a
high-risk weight of 0.80 and a low-cost weight of -0.10, the algorithm favours risk reducing sensors
and tends to penalise high cost options less. Conversely, a low-risk weight of 0.40 and high-cost
weight of -0.50 influences the algorithm to place an emphasis over cost-effective sensor options.
The development of this algorithm followed a trial and error basis. The objective of the utility
function was to be able to explore the trade-off between risk reduction and sensor cost; a number of
scoring methods were explored and exponents were found to influence the greedy selection
algorithm to effectively explore the solution space. The exploration of various utility functions such
as those suggested in [150] and formulation of Equation 4-11 is described in Appendix C.
At each stage of the optimisation, the sensor risk reduction and sensor score are calculated using
Equation (4-10 and Equation 4-11. In turn, the sensor with the highest score is selected and added to
the current portfolio. The improvement and optimisation steps of the algorithm are repeated until
there is no further improvement in risk; this occurs when the optimum Potential Portfolio Risk is
reached. On Figure 4-8, the addition of sensor upgrades to the Current Portfolio is shown.

Figure 4-8 Detection Matrix – Optimisation

On consideration of the algorithm outputs, an instrumentation upgrade portfolio may be identified.
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4.5.2 Optimisation Algorithm
The optimisation algorithm has been implemented using the following sequence:
1.

Set run counter
a.

2.

3.

4.

5.

Calculate potential portfolio risk
a.

𝑅𝑃𝑁𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 = 𝑅𝑃𝑁𝐹𝑀𝐸𝐴 ∗ min(𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑛𝑘𝑖𝑛𝑔𝐶𝑢𝑟𝑟𝑒𝑛𝑡,𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 )

b.

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = ∑𝑛𝑖=1 𝑅𝑃𝑁𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙

Install selected instrument
a.

If 𝑟𝑢𝑛 = 1, do not install anything

b.

If run > 1, install instrument selected at end of last run

Calculate current portfolio risk
a.

𝑅𝑃𝑁𝐶𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑅𝑃𝑁𝐹𝑀𝐸𝐴 ∗ min(𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑛𝑘𝑖𝑛𝑔𝐶𝑢𝑟𝑟𝑒𝑛𝑡 )

b.

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = ∑𝑛𝑖=1 𝑅𝑃𝑁𝐶𝑢𝑟𝑟𝑒𝑛𝑡

Check if optimisation has been reached
a.

6.

7.

If 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = 𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘, terminate loop

Calculate sensor risk reduction
a.

𝑅𝑃𝑁𝑈𝑝𝑔𝑟𝑎𝑑𝑒 = 𝑅𝑃𝑁𝐹𝑀𝐸𝐴 ∗ min(𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑛𝑘𝑖𝑛𝑔𝐶𝑢𝑟𝑟𝑒𝑛𝑡,𝑆𝑒𝑛𝑠𝑜𝑟 )

b.

𝑈𝑝𝑔𝑟𝑎𝑑𝑒𝑑 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 = ∑𝑛𝑖=1 𝑅𝑃𝑁𝑈𝑝𝑔𝑟𝑎𝑑𝑒

c.

𝑅𝑖𝑠𝑘 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘 − 𝑈𝑝𝑔𝑟𝑎𝑑𝑒𝑑 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑅𝑖𝑠𝑘

Calculate sensor score
a.

8.

𝑟𝑢𝑛 = 1 + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑠

𝑆𝑒𝑛𝑠𝑜𝑟 𝑆𝑐𝑜𝑟𝑒 = 𝑅𝑖𝑠𝑘 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 × 𝑆𝑒𝑛𝑠𝑜𝑟 𝐶𝑜𝑠𝑡 −𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡

Select instrument with best score
a.

Output selected instrument

b.

Increment run counter

c.

Repeat loop from 3 until loop is terminated

The algorithm presented takes a greedy approach by selecting the best option at each iteration, and
hence may not provide the optimal combination of instruments at each stage of the optimisation.
This is overcome by manually selecting varying risk and cost weightings and re-running the algorithm
to explore different solution trajectories.

4.6 Proposed Instrumentation Portfolio and Ongoing Data Collection
With the two described approaches in sections 4.4 and 4.5, after a final sense-check of cost
constraints, project timeframe and installation complexity, a final upgrade portfolio may be
incorporated into a low-level instrumentation and DAQ network design. Upon installation of the CMS
upgrades, data collection may commence upon deployment of the MRE device. The post-processing
of this data takes places in the following months thereafter.
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5 System Level Condition Monitoring System for a Wave Energy
Converter
5.1 Overview
This chapter describes the use of a Failure Mode and Effects Analysis (FMEA) to identify Condition
Monitoring System (CMS) upgrades for the Squid 6 Series (6S) Wave Energy Converter (WEC),
following the methodology described in Chapter 4 and first approach described in section 4.4.
Firstly, the project background and industrial context is given, followed by a description of the Squid
6S operating principles and Data Acquisition (DAQ) architecture. Secondly, the FMEA process is
described and CMS upgrades are proposed for the high and medium priority failure modes of the
Squid 6S. These are divided into functional packages and considered by a team of experts for
installation on the Squid 6S WEC.
Lastly, the CMS upgrades are considered alongside a redesign of the instrumentation and DAQ
system, in order to achieve higher reliability and robustness. As such, a low-level instrumentation
retrofit of the Squid 6S WEC instrumentation and DAQ system is provided.

5.2 Albatern Project Description
5.2.1 Case Study Industrial Context
Albatern is a WEC technology developer based in Edinburgh, UK, and was established in 2007.
Albatern’s key asset is the WaveNET Array, which is composed of several Squid 6S WEC. Albatern has
owned and operated the WaveNET over a series of deployments on the West Coast of Scotland, the
initial array of 3 devices was expanded to 6 devices in the summer of 2015.
The WaveNET is a modular WEC array composed of multiple articulated WECs connected in an
integrated network. The modular nature of the WEC array allows for efficient marine operations with
faster and lighter vessels, resulting in lower cost and higher availability.
Albatern’s main business strategy is the targeting of niche markets such as aquaculture farms and
isolated off-grid installations for the generation and export of electricity. As such, it has been
conducting offshore operations in a bid to prove the commercial feasibility of its Squid 6S devices,
alongside developing the next generation of its WEC technology, the Squid 12 Series (12S).
The commercialisation of the Squid 6S has required a redesign of the existing instrumentation and
DAQ system, targeting robustness and reliability, after several issues were experienced during the
2014 and 2015 deployments. In the drive to improve device availability, the introduction of
condition-based maintenance is to be investigated.
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5.2.2 Squid 6 and 12 Series Wave Energy Converter
System Description
The Squid 6 Series is an articulated wave energy converter comprised of a series of nodes and links,
Figure 5-1. As the buoyant arms rise and fall with the waves, energy is captured by pumping modules
connected to a hydraulic ring main, which deliver pressurised fluid to a Power Take Off (PTO) module
located in one of the three buoyancy floats (antinodes). Each PTO houses a hydraulic manifold block,
which controls the supply of fluid to a hydraulic motor coupled to a 7.5kW generator.

Figure 5-1. Squid 6 Series Wave Energy Converter. Schematic (left) and deployed quay-side (right).

The Squid 12 Series concept doubles the operating draught of the 6S from 6m to 12m, which
increases its generating capacity by factor of 10 to 75kW. Due to the increase in scale, the three
buoyancy floats used by the Squid 6S are replaced by independent nodes and links, thereby reducing
fabrication costs and increasing array modularity, this difference is illustrated on Figure 5-2.

Figure 5-2. Squid 6S (left) and Squid 12S (right) 3 Hex WaveNETs

The Squid WEC is a building block for the WaveNET Array, where multiple units can be connected
together to form a scalable wave energy array that is connected by a hydraulic and electrical bus.
Increased generation capacity is thereby achieved by increasing the size of the array.

Figure 5-3. WaveNET Array Scale
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Field Deployment
The research project was undertaken over the course of two major deployments, in Loch Kishorn and
Glenmore Bay respectively. Over the course of August to November 2015, a 45kW WaveNET Array
was deployed in Loch Kishorn, a sea loch on the North-West coast of Scotland. The array was
connected to shore via a 70m electrical cable, where it exported electricity to a mobile power station
containing a battery bank and a resistor bank as a heat dump, see Figure 5-4 (left). In the beginning
of 2016, all six Squid 6S units were transported to Glenmore Bay, where each unit underwent a series
of refurbishments and upgrades prior to deployment near an aquaculture farm in Mingary Bay
towards the summer of 2016, see Figure 5-4 (right).

Figure 5-4 Loch Kishorn WaveNET Array with Mobile Power Station (left), Squid 6S in Glenmore Bay (right).

Existing Instrumentation
The Squid 6S is autonomously controlled by an off the shelf DAQ Unit, which collects data from and
controls the generator and PTO manifold instrumentation. These parameters are summarised on
Table 5-1. Data is collected at a sample frequency of 1Hz.
Table 5-1 Existing Instrumentation and Monitored Parameters

Sub-System

Parameter

Component

Instrument

Hydraulics

System High Pressure

PTO manifold block

Pressure Transducer

System Low Pressure

PTO manifold block

Pressure Transducer

PTO High Pressure

PTO manifold block

Pressure Transducer

PTO Low Pressure

PTO manifold block

Pressure Transducer

PTO Manifold Pressure

PTO manifold block

Solenoid Valves

Battery Voltage, Status

Battery

Battery Charger

Generator Voltage

PTO module

Voltage Transducer

Generator Current

PTO module

Current Sensor

Generator Temperature

PTO module

Cooling Fan

Generator Temperature

Generator

Linear Resistor

Generator Speed

Generator

Tachometer

Electrical
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The DAQ architecture used in the 2015 Loch Kishorn deployment employed six DAQ units connected
in a daisy chain configuration, as seen on Figure 5-5. The units used a powerline communication,
which is a Digital Subscriber Line (DSL) technology that transmits data over conductors used for
electrical power transmission and distribution, thereby allowing Ethernet communication over the
existing electrical export cable. The DAQ units were controlled asynchronously by a shore based
industrial PC and communicated using Modbus TCP protocol.

Figure 5-5. Loch Kishorn C&I Architecture

5.2.3 Case Study Aim and Objectives
Integrating Condition Monitoring solutions into the early development of the Squid 6S WEC
prototype will serve to improve reliability by targeting critical failure modes and subsystems.
The main aim of this case study is to demonstrate the first approach described in the methodology to
design a CMS for a WEC by grouping of functional packages and expert judgement.
The secondary aim is to improve the robustness of the existing instrumentation and DAQ
architecture to facilitate the collection of condition monitoring data.
These aims will be achieved through the following objectives:
1. Conduct a system level FMEA to identify the critical failure modes of the Squid 6S WEC.
2. Propose detection methods for the monitoring of these failure modes.
a. Provide portfolio configurations for operational and commercial level scenarios.
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3. Design of instrumentation and DAQ architecture for Squid 6S WEC and WaveNET Array based
upon review of state-of-the-art architectures in MRE industry.
a. Selection of DAQ unit appropriate for additional condition monitoring I/O
b. Address array networking through choice of appropriate communication protocol
and connection architecture.
c. Consideration of challenges in MRE device instrumentation and solutions to
overcome them.

5.3 Squid 6S WEC Failure Mode and Effects Analysis
5.3.1 Process
The FMEA was undertaken by a multidisciplinary team at Albatern Ltd and facilitated by the author. A
team of 15 technical staff including hydrodynamicists, mechanical, electrical, hydraulic and structural
engineers, operational and project management staff and production staff contributed to a total of
16 sessions according to their field of expertise.
Each participant in the FMEA has been directly involved with either the design, assembly,
commissioning and operation of the Squid 6S WEC. The cumulative experience of the team
represented 50 years of engineering development experience. The author and industrial supervisor
(Chief Technical Officer) were responsible for reviewing and standardising the failure rankings.
Further detail on the FMEA process may be found in [151].

5.3.2 Subsystem Break Down
The Squid 6S was broken down into its moorings, structure, hydraulics, electrical and
instrumentation subsystems, the interactions of these sub-assemblies are displayed on a system
block model on Figure 5-6. These were further disaggregated into 19 sub-assemblies and 106 unique
components listed on Table 5-2. Note the Pumping Module and PTO sub-assemblies span two
subsystems, due to being compromised of components of multiple functions.

5.3.3 Definition of Risk Classes
The definition of risk classes was based on the DNV Failure Modes Identification Template [146] and
adapted for MRE devices, this is described in detail in Chapter 4, section 4.2.4. In this case study,
probability, consequence and detection classes were used with maximum rankings of 5, 5 and 4
respectively, resulting in a maximum Risk Priority Number (RPN) of 100.
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Figure 5-6 Squid 6 Series WEC System Block Model

74

Table 5-2 Squid 6S WEC Sub-Assemblies and Components
1

Leg

4

Central Node & Riser

7

Pumping Module

11

Power Take Off

16

PTO Instrumentation

1.01

Drag embedment anchor

4.01

Gasket

7.08

Seals

11.11

Generator

16.01

Manifold Instrumentation

1.02

Shackle

4.01

Bottom Plate

7.09

Hydraulic Cylinder

11.12

Generator bearings

16.02

Generator Instrumentation

1.02

Chain

4.02

Rubber Spring

7.10

Cylinder Manifold Block

11.13

Generator-motor coupling

16.03

Electrical Connectors

1.02

Rope

4.03

Fasteners

7.11

Adaptor

11.14

Rectifier

16.04

Cabling and Terminations

1.02

Hard Eye

4.04

Riser Pipe

7.12

Node Jumper Hose

11.15

Cabling

16.05

Module Enclosure

1.03

Cushion Buoy

4.05

Permanent Buoyancy

7.13

Antinode Jumper Hose

11.16

Electrical Connectors

1.04

Navigation Buoy

4.06

Top Cap

Grid

4.07

Air and Water Service Lines

8.01

Anti Node

8.02

2

8

Low Pressure Anti Node

17

Auxiliary Instrumentation

12

Low Power Side

17.01

Load Cell

LP Accumulator

12.01

Battery Charger

17.02

Strain Gauges

LP Gas Vessel

12.02

12V Battery

17.03

Environmental Sensing

2.01

Side Rigging Rope

5

2.01

Connecting Strap

5.01

Rubber Spring

8.03

N2 Gas Hoses

12.03

Capacitor

2.01

Mooring Ring

5.02

Antinode Base Cast

8.04

AN Internal Hoses

12.04

DC/DC 12V/5V Converter

18.01

LabJack

Connector

5.03

Gasket

8.05

Inline Valves

Inter Array Cabling

18.02

Relay Drivers

3.01

Mooring Pin (Donkey Dick)

5.04

Fasteners

Hydraulic Ring Main

13.01

Electrical Connectors

18.03

3.01

Mooring Connector Chain

5.05

Buoyancy Module

9.01

Link Arm Hoses

13.02

Electrical Cabling

PCB Signal Conditioning
Communications

3.01

Threaded Fork Assembly

5.06

PU Coating

9.02

T-piece Adaptors

13.03

Cable Ducting

19.01

Ethernet cable

3.02

Connecting Strap

5.07

Lid

Central Junction Box

19.02

RJ45 Connectors

3.02

Shackle

3

9

10

Array Connection

13

14

18

19

Data Acquisition & Control

6

Link Arm

10.01

Squid Jumper Hoses

14.01

Housing

19.03

FO Media Converter

6.01

Link Arm

10.02

Quick Release Connector

14.02

Power Diodes

19.04

Shore PLC

6.02

Fasteners

Power Take Off

14.03

DC/DC Converter

6.03

Painting

11.01

PTO Manifold Block

14.04

DC Busbars

Pumping Module

11.02

HP Accumulator

14.05

Export cable connectors

7.01

Node Wing

11.03

Hydraulic Motor

14.06

Sealing gland

7.01

Yoke

11.04

PTO Hoses

14.07

Export Cable Harness

7.02

Mechanical Linkages

11.05

Motor Hoses

7.03

Pins & Bushings

11.06

Pipework

15.01

Bend Stiffener

7.04

Bearings

11.07

Quick Release Connector

15.02

Subsurface floats

7.05

P1 A Bracket

11.08

Adaptors

15.03

Clump weight assembly

7.06

C-Boss Attachment

11.09

Filter

15.04

Electrical and FO Cable

7.07

Zinc Anodes

11.10

Inline Valves

15.05

Onshore Connection

7

11
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15

Export Cable

5.3.4 Results: Priority Failure Modes
The final iteration of the FMEA resulted in 272 unique failure modes, these failures were classified
into 22 high, 39 medium, 93 low and 118 very low risk categories, see Figure 5-7. Definition of the
RPN thresholds and attribution of risk rankings is described in Chapter 4 Sections 4.2.3 and 4.2.4.

Figure 5-7 Squid 6S Failure Mode Summary by Risk Class

The Squid 6S failure modes by subsystem are summarised in Figure 5-8. The hydraulic and electrical
systems are the most critical, due to possessing the highest number of high priority failures and
number of failures overall. The moorings subsystem shows the least amount of overall failures, whilst
the hydraulics, electrical and instrumentation subsystems exhibit the highest amount of low or very
low risk failure modes.

Figure 5-8 Squid 6S Failure Mode Summary by Sub-System

Upon further disaggregation of the failures, Figure 5-9 displays the distribution of failure modes by
sub-assembly. In this figure it is demonstrated that the most critical assemblies are the Pumping
Module and the Power Take Off, this is due to the number of failures spanning the structural,
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hydraulic and electrical subsystems and the number of high and medium priority failure modes. A
large amount of very low and low risk failure modes is observed in the PTO and Auxiliary
instrumentation.

Figure 5-9 Squid 6S Failure Mode Summary by Sub-Assembly

High Priority Failure Modes
The high priority failure modes broken down by sub-assembly may be observed on Figure 5-10. From
this it is observable that hydraulic and electrical subsystem failures dominate the number of high-risk
failure modes, with more than half of the high priority failures coming from the hydraulic pumping
module sub assembly.

Figure 5-10 Squid 6S High Priority Failure Modes by Sub-Assembly

The Squid 6S high priority failures mode descriptions are provided in Table 5-3.
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Bearings

Bearings seize from
impact loading
Node Jumper Hose Hose burst

Root Cause

Consequence

RPN

7.12

Failure Mode

Det.

7.04

Component

Cons.

ID

Prob.

Table 5-3 Squid 6S High Priority Failure Modes RPN>20

Fatigue Limit
State FLS
Corrosion

Bends hydraulic rod

3

4

3

36

Oil leakage from system

3

4

3

36

7.12

Node Jumper Hose Hose leak - failure
Wear
causes gradual loss of
hydraulic fluid

Oil leakage from system

4

3

3

36

7.12

Node Jumper Hose Hose burst

Wear

Oil leakage from system

4

4

2

32

7.12

Node Jumper Hose Hose burst

Material
degradation
Bolt loosening

Oil leakage from system

4

4

2

32

Disconnection of subsea cable

2

4

4

32

Service Limit
State SLS

Increased loading on other
fasteners, risk of damage to
hydraulics and hose burst

3

3

3

27

14.07 Cable Harness

Disconnection of
harness
Deformation from
service loads

6.02

Fasteners

6.02

Fasteners

Fasteners sheared as Wear
result of wear

Increased loading on other
fasteners, risk of damage to
hydraulics and hose burst

3

3

3

27

3.02

Antinode
Connection

Disconnection of
strap

Unexpected
service loads

Damage to mooring
connectors, risk of antinode
disconnection and collision

2

4

3

24

7.04

Bearings

Corrosion

Bends hydraulic rod

2

4

3

24

7.08

Seals

Wear

Water ingress

3

4

2

24

7.08

Seals

Bearings seize from
impact loading
Worn to failure by
continuous use
Rough substrate
causes abrasion and
destroys seals

Marine growth subsea

Water ingress

3

4

2

24

7.09

Hydraulic Cylinder

Failure of bolt

4

2

24

Hydraulic Cylinder

Unscrews

Loss of hydraulic system due to
ring main damage
End stop, locking up

3

7.09

Ultimate Limit
State ULS
Bolt loosening

3

4

2

24

7.13

Hose burst

Wear

Oil leakage from system

3

4

2

24

Hose burst

Material
degradation
Wear

Oil leakage from system

3

4

2

24

9.01

Antinode Jumper
Hose
Antinode Jumper
Hose
Link Arm Hoses

Oil leakage from system

3

4

2

24

9.01

Link Arm Hoses

Material
degradation
Design fault

Oil leakage from system

3

4

2

24

Magnets released by epoxy,
causing generator to fail

3

4

2

24

7.13

11.11 Generator

Hose burst from
continuous loading
Hose burst from
continuous loading
Epoxy melts due to
high temp from
bearing vibrations

14.07 Cable Harness

Electrical or fibre
optic cable sheared
due to lack of slack

Poor installation

Loss of communications or
electrical transmission,
damage to Fibre Optics

2

4

3

24

14.07 Cable Harness

Disconnection of
subsea cable, failure
of cable grip

Service Limit
State SLS

Loss of communications or
electrical transmission,
damage to Fibre Optics

2

4

3

24

15.02 Subsurface Floats

Disconnection,
failure of clamp

Bolt loosening

Export cable falls to seabed,
increased loading on central
junction box and wear,
potential cable disconnection

2

3

4

24

78

The failure of the antinode connection poses a high consequence due to the potential subsequent
structural damage arising from strap disconnection. Regular visual inspection may be used to detect
this, as online monitoring methods for the shifting of the strap would seem redundant.
The failure modes related to the structure subsystem tend to exhibit high consequences due to the
deformation of hydraulic cylinders and consequential damage to the hydraulic system. With no
monitoring of structural forces or device motions in place, the detection of peak loading forces on
the structure are difficult to detect or verify.
A total of 8 high priority failures are attributed to hydraulic hoses. As the failure of a hydraulic hose
results in sudden water ingress and subsequent corrosion and wear from water and debris, the
consequence of hose failure is high. As the existing pressure transducers are on the PTO manifold
block, there is no pressure sensing distributed throughout the system, thus leakage will not be
immediately detectable.
Additional failure points include the seals wearing down from use and the hydraulic cylinders
becoming disconnected due to failed or unscrewed bolts, causing the pumping module to hit its end
stop and lock up. Detection of such failures is difficult due to the lack of knowledge of the hydraulic
cylinder extension; without position detection or motion measurement this is difficult to infer.
The function of the central junction box is to ensure the reliable export of electricity and
transmission of data, as such the failure of this components results in significant production loss from
the WEC array. The onset of this failure, arising due to bolts loosening and poor installation, is
difficult to detect. However, understanding peak loading forces on the central junction box and
export cable connector will enable the engineering team to specify a suitable connection to
withstand anticipated mooring loads.
Medium Priority Failure Modes
The medium priority failure modes by sub assembly are given in Figure 5-11. In this instance, nearly
40% of the failure modes arise due to the Squid 6S structure, this is a result of many high
consequence but low probability failures. The electrical subsystem also accounts for a 23% of the
medium failure modes, due to increased probability of failure and consequential production loss.
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Figure 5-11 Squid 6S Medium Priority Failure Modes by Sub Assembly

The Squid 6S medium priority failures modes are provided in Table 5-4.
The mooring subsystem failures of hull breaching and anchor displacement arise as a result of human
error, these failures may be mitigated through observing best practice during marine operations.
However, the failure of the corner float assembly due to unexpected service loads may be addressed
by verifying the mooring loads experienced during deployment.
Once more the failures related to the structure subsystem exhibit high consequences due to the risk
of cascading failure and the abnormal loading other structural components. This may arise from the
deformation of the pumping module pins, bracket, yoke and node wing as well as the link arm.
Likewise, in the event of fastener failure or disconnection, increased loading is experienced on the
remaining fasteners, whilst hydraulic cylinders and hoses may undergo unwanted loading.
The failure of major structural components, such as the riser pipe and pumping module mechanical
linkages and pins, are high consequence failures as they incur a large parts replacement cost. Failures
such as these may be prevented by correctly specifying structural members for their anticipated
service loads and number of loading cycles, however it may remain useful to verify these service
loads in the field.
The failure of the link arm hoses, antinode jumper hose and T-piece adaptors due to corrosion
presents risk of oil leakage from and water ingress into the system. This is currently mitigated by
cathodic protection and visual inspection, the status of anodes however is difficult to verify with
online monitoring. As the low pressure side of the hydraulic system is higher than that of the
surrounding environment, gradual oil leakage may be detected by monitoring the low pressure
accumulator reservoir level, whilst sudden leakage detection may be done using pressure sensing.
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Prob.

Cons.

Det.

RPN

Table 5-4 Squid 6S Medium Priority Failures Modes RPN >15

16.01 Manifold
Instrumentation
18.02 Relays

Solenoid valve fail to Loss of power
trigger
Battery has
Loss of power
insufficient power to
supply to relays

Unable to provide latching
control
Inability to activate solenoids,
require reverse charging

5

2

2

20

5

2

2

20

1.03 Corner float
assembly
1.03 Corner float
assembly
2.01 Mooring Grid

Hull breach

Ship impacts

2

3

3

18

Hull implosion

Unexpected
service loads
Poor installation

Loss of buoyancy, squids take
weight
Loss of buoyancy, squids take
weight
Potential increase in snatching
loads, potential increased
stresses on offtake cable

2

3

3

18

3

2

3

18

4.03 Fasteners

High loading causes
structural failure

Unexpected
service loads

Loss of function, requiring
replacement of bolts

3

3

2

18

6.01

Deformation

Service Limit
State SLS

Loads no longer transferred
uniformly, risk of cascading
failure

2

3

3

18

6.02 Fasteners

Corrosion
compromises
structural integrity

Corrosion

2

3

3

18

6.02 Fasteners

Untightening

Bolt loosening

2

3

3

18

7.01 Node wing and
Yoke casts

Deformation

Service Limit
State SLS

Increased loading on other
fasteners, potential risk
damage to hydraulics and
hose burst
Increased loading on other
fasteners, potential risk
damage to hydraulics and
hose burst
Deformed pumping module
alters loading on hydraulic
cylinder

2

3

3

18

7.03 Pins

Deformation

3

3

18

Deformation

Additional wear on pumping
module components
Deformation of P1 A Bracket
causes additional wear, risk of
disconnection

2

7.05 P1 A Bracket

Service Limit
State SLS
Unexpected
service loads

3

3

2

18

7.08 Seals

Worn to failure by
continuous use
Rough substrate
causes abrasion and
destroys seals

Wear

Loss of hydraulic fluid to
marine environment
Loss of hydraulic fluid to
marine environment

3

3

2

18

3

3

2

18

7.10 Cylinder Manifold
Block

Faulty check valve

Contamination debris

2

3

3

18

9.02 Adaptors (T-piece)

T-Piece Fails

Corrosion

Fails to function as cylinder
control, loss of hydraulic
cylinder
Oil leakage from system

2

3

3

18

11.09 Filter

Filter clogged or
damaged

Contamination debris

3

3

2

18

11.12 Generator
Bearings

Loss of significant
quantity of bearing
elements

Wear

Increased risk of hydraulic
component damage from
particulates
Loss of generation efficiency,
potential failure of generator

3

3

2

18

11.12 Generator
Bearings

Bearing failure from Ultimate Limit
wave loading, high
State ULS
G's
Excessive vibrations Design fault
caused by poor shaft
alignment

Loss of power generation;
failure of generator to rotate

3

3

2

18

Increase in temperature of
generator, damage to bearings
and magnets

3

3

2

18

ID

Component

Link Arm

7.08 Seals

11.13 Motor-Generator
Coupling

Failure Mode

Displaced anchor
causes loss of pretension

Root Cause

Marine growth subsea
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Consequence

11.16 Electrical
Connectors
11.16 Electrical
Connectors
13.01 Electrical
Connectors
16.01 Manifold
Instrumentation
16.05 Instrumentation
Module Enclosure

Contacts displaced
during mating
Contacts corroded
due to high humidity
Disconnection

Connector failure Inability to transmit power

3

3

2

18

Corrosion

Intermittent connection

2

3

3

18

Service Limit
State SLS
Electrical short

Loss of power generation,
requiring replacement
Unable to provide latching
control
Moisture enters
instrumentation module,
increasing humidity

3

3

2

18

2

3

3

18

3

3

2

18

4.03

Fasteners

Bolt unscrews as
result of service
loads

Bolt loosening

Riser and node disconnect,
node sinks supported by link
arms and antinodes, riser
floats away
Loss of major function; require
major repair
Pumping module disconnects,
additional wear on pumping
modules, high risk of damage
to hydraulics

2

4

2

16

4.04

Riser pipe

5.04

Fasteners

Structural failure of
riser
Disconnection

Unexpected
service loads
Bolt loosening

2

4

2

16

2

4

2

16

7.02

Mechanical
Linkages

Fracture by stress
Fatigue Limit
concentration from
State FLS
fatigue cyclic loading

Increase likelihood of
hydraulic system failure

2

4

2

16

7.03

Pins

Yielding

Ultimate Limit
State ULS

Additional wear on pumping
module components, risk of
disconnection

2

4

2

16

7.05

P1 A Bracket

Disconnected

Ultimate Limit
State ULS

P1 Bracket loses functionality
from excessive loads and
buckles, risk to hydraulics

2

4

2

16

7.06

C-Boss Attachment Bolts shearing,
stripping
C-Boss Attachment Fasteners fail

Service Limit
State SLS
Design fault

Bends hydraulic rod

2

4

2

16

Bends hydraulic rod

2

4

2

16

Antinode Jumper
Hose
Link Arm Hoses

Hose burst

Corrosion

Oil leakage from system

2

4

2

16

Hose burst from
continuous loading

Corrosion

Oil leakage from system,
environmental impact,
damage to hydraulic system

2

4

2

16

14.01 Housing

Disconnection from
structure

Unexpected
service loads

2

4

2

16

15.01 Bend Stiffeners

Excessive flex causes Material
cable to exceed bend degradation
radius

High wave loading causes
housing to become dislodged,
potential disconnection of
cable
Damage to transmission cable,
may require replacement

1

4

4

16

15.04 750m Subsea
Electrical and FO
Cable

Fibre optic cable
breaks

Wear

Loss of communications and
control

2

4

2

16

19.04 Shore PLC

Controller
malfunction

Moisture ingress

Loss of control of WaveNET
Array

2

4

2

16

7.06
7.13
9.01

Solenoid valve
electrical failure
Loss of watertight
integrity by
degradation of
gasket seals

Material
degradation
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The first stage of failure of the hydraulic seals due to wear and marine growth results in oil leakage
from the hydraulic system, this failure is initially of medium risk. As this failure develops, water
ingress occurs and thus the consequence ranking increases, altering the risk ranking from medium to
high. Seawater ingress may be detected by moisture or particulates sensing.
As debris circulates through the system, whether through the wear of hydraulic components or
internal corrosion, the filter may become clogged or ineffective, increasing in reduced effectiveness
and causing a pressure drop across its terminals.
The failure of the generator due to wear and high service loads experienced by the bearings, as well
as poor shaft alignment is of relatively high probability and consequence. The probability of these
failures have been determined by laboratory testing, whilst the consequence reflects a loss of
production. Generator instrumentation already exists in the form of speed and power monitoring,
however the variable speed operation of the generator makes the detection of features arising as a
result of poor shaft alignment and bearing defects difficult to detect through power monitoring
alone.
A number of failures associated with the electrical connectors may also result in the failure of power
transmission. This has been informed by the failure of connectors in the field due to displaced
contacts upon mating, as well as poor environmental protection. Improvement of these connectors
should be considered in the redesign of the next generation of instrumentation system.
The WaveNET Array exports power via a central junction box and export cable, the interface of these
two subassemblies is of concern due to the relative movement of the array and the export cable. As
expected, a number of medium priority failures occur at this interface, associated with the
disconnection of the junction box housing and excessive bending and wear of the export cable.
With regards to the instrumentation, numerous instances of power loss occurred during the Loch
Kishorn sea trials, resulting in a high probability ranking. Although there is production loss associated
with this failure mode, the passive, unpowered state of the Squid 6S system is safe, thus the
consequence of loosing power is low. Monitoring instrumentation system power consumption and
battery voltage will inform maintenance personnel when this failure is imminent.

5.4 Proposed Detection Methods for Condition Monitoring
A number of detection methods were identified to monitor the high priority failure modes
established by the FMEA, these are listed in Table 5-5 and organised by subsystem. A number of
failure modes were aggregated for the purposes of monitoring, due to the similarity of their failure
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signatures. Existing instrumentation, where appropriate, was considered to avoided duplication in
monitoring.
Table 5-5 Proposed Detection Methods for High Priority Failure Modes
ID
3.02

Component
Antinode
Connection

Failure Mode
Disconnection
of strap

Parameter
Relative
inclination
angle

Sensor
Inclinometer

Notes
Observe relative inclination between
antinodes.

6.02

Fasteners,
Link Arm to
Yoke

Deformation,
shearing

Forces on
bolts

Strain gauge
bolt

Verification of service loads through
monitoring scheme. Strain gauge bolt or
load cell washer.

7.04

Bearings

Bearings
seizing

Hydraulic
shaft
bending

Strain gauge

7.04

Bearings

Bearings
seizing

Hydraulic
cylinder
extension

Linear Variable
Displacement
Transducer

7.08

Seals

Worn to
failure

Oil moisture
content

Moisture
sensor

Difficult to access bearings, proxy
measurement of bearings seizing by
bending and deflection on hydraulic
cylinder shaft.
Difficult to access bearings. Proxy
measurement of bearings seizing by
observing cylinder extension range and
travel velocity over time.
Moisture sensor allows detection of
gradual water ingress.

7.09

Hydraulic
Cylinder

Bolt failure,
unscrews

Forces on
bolts

Strain gauge
bolt

Verification of service loads through
monitoring scheme. Strain gauge bolt or
load cell washer.

7.12

Node
Jumper
Hose

Hose leak,
gradual loss of
hydraulic fluid

LP reservoir
level

Level sensor

Level sensor in LPAN allows detection of
gradual leakage.

7.12,
7.13

Node,
Antinode
Jumper
Hose
Link Arm
Hoses

Hose burst

System
pressure

Pressure
transducer

Pressure sensing on individual pumping
module indicates specific failure point in
hydraulic system.

Hose burst

System
pressure

Pressure
transducer

Pressure sensing in HRM allows detection
of sudden leakage. Can also instrument LP
accumulator.

11.11

Generator

Epoxy melts
due to high
temp

Bearing
vibrations

Accelerometer

Correlation of vibrations with generator
temperature. Also consider generator
temp and current monitoring

14.07

Cable
Harness

Disconnection
of harness,
subsea cable.

Connector
displacement

Inductive
proximity
sensor

Installation of inductive proximity sensor
for cable displacement.

14.07

Cable
Harness

Cable sheared
due to lack of
slack

Cable
tension

Strain gauge

Strain gauge on cable sheath for
measurement of appropriate tension.

15.02

Subsurface
Floats

Disconnection,
failure of
clamp

Cable
displacement

Dragwire
potentiometer

Submerged dragwire for determining
displacement of cable

9.01

The most cost-effective method of measuring the status of the mooring antinode connection was to
monitor the relative inclination of adjacent antinodes, this allows for the displacement of the
antinodes to be determined without the use of an inertial measurement unit (IMU). However, the
IMU may be employed for the purposes for validating numerical models and improving
understanding of device hydrodynamic response.
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Strain gauge bolts were favoured over load washers due to their ability to detect both tension and
compression of fasteners. Installing strain gauge bolts on opposing sides of the link arm will allow for
measurement of tension and compression forces on the bolts and the verification of service loads.
The failure of the bearings in the pumping module dramatically increases the loading of the hydraulic
cylinder, thus the bending forces and extension range of the cylinder may be used to determine any
abnormalities in loading and movement.
A number of hydraulic failures resulted in oil leakage from the system, due to hose leaks or seal
failures. Gradual oil leakage may be detected by a decrease in the low-pressure accumulator
reservoir level, whilst sudden leakage is indicated by a rapid loss of system pressure. A moisture
sensor deployed on the hydraulic ring main may detect a steady influx of seawater, improving the
decision-making ability of the maintenance team to intervene at an earlier stage to prevent internal
corrosion and degradation of the hydraulics system.
The use of a prototype sensor to detect the onset of marine growth was considered, but not added
due to the unproven state of this technology. A specification of Albatern’s requirements for this
biofouling sensor has been provided to PML Applications considering signal output, power delivery
and communications requirements.
The detection of abnormal operating temperatures and conditions of the generator may first be
detected by temperature and current monitoring, this may be conducted through motor current
signature analysis or by simply correlating temperature with power output. Additionally, an
accelerometer installed on the generator bearings allows for the detection of bearing faults and the
prediction of Remaining Useful Life through prognostic algorithms.
The design of the central junction box should be improved to mitigate the occurrence of
disconnection, this may be informed by monitoring the tension of the cable and its motion by using
strain gauges on the cable sheath and a drag wire potentiometer respectively.
The detection methods proposed for monitoring medium priority failure modes are provided on
Table 5-6, organised by subsystem. Due to the number of hydraulic failures benefitting from
distributed pressure sensing, these have been redacted to avoid duplication.
The loss of watertight integrity of the antinode hull may be detected by a robust tuning fork style
float switch, however a humidity sensor provides an analogue output and thus higher resolution. The
use of a load shackle in place of the mooring rings allows detection of a loss of pre-tension in the
moorings system, as well as the verification of service loads during operation and potential ship or
foreign body impacts.
85

Table 5-6 Proposed Detection Methods for Medium Priority Failure Modes
ID

Component

Failure Mode

Parameter

Sensor

Notes

1.03

Corner float
assembly
Corner float
assembly

Hull breach

Mechanical
shock
Water
ingress

Accelerometer

Use of accelerometer to warn for
mechanical shock.
Able to monitor water tight
integrity using float switch, can also
use humidity sensor.

2.01

Mooring Grid

Displaced anchor
causes loss of pretension

Mooring
loads

Load shackle

Detect if pre-tension drops below
threshold.

4.03

Fasteners, Riser
to Base Cast

Structural failure,
bolt unscrews

Forces on
bolts

Strain gauge
bolt

Monitoring of forces on bolts on
riser to base cast connection

4.04

Riser pipe
Fasteners,
Antinode to
Node Wing

Forces on
structure
Forces on
bolts

Strain gauges

5.04

Structural failure
of riser
Disconnection

Structural health monitoring of
riser using strain gauges
Monitoring of forces on bolts on
riser to base cast connection

6.01

Link Arm

Deformation

Strain gauges

7.01,
7.03

Node wing and
Yoke casts, Pins

Deformation

Forces on
structure
Forces on
structure

7.02

Mechanical
Linkage

Fracture from
fatigue cyclic
loading

Forces on
structure

Strain gauge

7.05

P1 A Bracket

Deformation,
disconnection

Forces on
bolts

Strain gauge
bolt

Strain gauge bolt Link Arm to P1 A
Bracket

7.06

C-Boss
Attachment
Cylinder
Manifold Block

Bolts shearing,
stripping
Faulty check valve

Forces on
bolts
Oil
particulates

Strain gauge
bolt
Inline
contamination
monitor

See strain gauge bolt

Adaptors (Tpiece)
Filter

T-Piece Fails

System
pressure
Filter status
Bearing
temp

Pressure
transducer
Clogging
indicator
Temperature
sensor

Distributed pressure sensing in
central riser manifold block
Monitor pressure differential
across filter terminals
Temperature may provide simpler
indication of bearing health.
Higher resolution speed monitoring
may indicate shaft rotation
imbalance when responding to
mechanical shock.
Proximity sensor to detect shaft
misalignment

1.03

7.10

9.02
11.09

Hull implosion

Filter clogged or
damaged
Loss of significant
quantity of
bearing elements

Float switch

Strain gauge
bolt

Strain gauge

Strain gauges on link arm to verify
bending loads.
Strain gauges on main structural
members, also detect strain on
pins.
Strain gauges on mechanical
linkages

Install particle cleanliness monitor
(1 per 6S array / 1 per 12S device)

11.12

Generator
Bearings

11.12

Generator
Bearings

Bearing failure
from wave
loading, high G's

Generator
RPM

Incremental
encoder

11.13

Motor-Generator
Coupling

Vibrations from
poor shaft
alignment

Shaft
alignment

Inductive
proximity
sensor

11.16

Electrical
Connectors

Contacts
displaced during
mating

Sensor
output
continuity

Remote
diagnostics

Thorough commissioning of
sensors after installation.

11.16

Electrical
Connectors

Contacts
corroded due to
high humidity

Relative
humidity

Humidity sensor

Install humidity sensor in PTO

13.01

Electrical
Connectors

Disconnection

Cable
tension

Strain gauges

Strain gauge of cable sheath for
measurement of appropriate
tension.
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14.01

Housing

Disconnection
from structure

Forces on
bolts

Strain gauge
bolt

Verification of service loads.

15.01

Bend Stiffeners

Excessive flex,
exceeds bend
radius

6 DOF
motion

Inertial
Measurement
Unit

Monitoring of peak accelerations of
central junction box and export
cable interface.

15.04

750m Subsea
Electrical and FO
Cable

Fibre optic cable
breaks

Communica
tions

Remote
diagnostics

Monitoring of communications
continuity.

16.01

Manifold
Instrumentation

Solenoid valve fail
to trigger

Battery
voltage

Voltage divider

Battery voltage monitoring.

16.01

Manifold
Instrumentation

Solenoid valve
electrical failure

Current
demand

Current
transducer

Monitoring of current draw from
solenoid valve.

16.05

Instrumentation
Module
Enclosure

Loss of watertight
integrity, gasket
seal failure

Relative
humidity

Humidity sensor

18.02

Relays

Battery has
insufficient power
to supply to relays

Battery
voltage

Voltage divider

Humidity sensor in PTO
instrumentation enclosure to
ensure acceptable levels of
humidity.
Battery voltage monitoring.

19.04

Shore PLC

Controller
malfunction

Relative
humidity

Humidity sensor

Humidity sensor in shore station to
ensure acceptable levels of
humidity.

To address the number of low probability but high consequence failures, a number of structural
monitoring methods are proposed on the link arm, pumping module, antinode and riser
subassemblies. To validate service loads it is proposed to monitor the forces exerted on fasteners by
using strain gauge bolts, these may be used on fasteners at the interface of the pumping modules
and large structural members.
Similarly, strain gauges may be used to measure forces on structural components including the
pumping module mechanical linkages and the riser pipe. Due to the expensive nature of Structural
Health Monitoring (SHM), it is envisioned that these methods need only be applied to verify service
loading, as SHM methods will not be cost effective for a small device at commercial scale.
A number of medium priority failures benefit from the addition of distributed pressure sensing
throughout the hydraulics system. In addition to these methods, an Inline Contamination Monitor
(ICM) may be considered for the monitoring of particulates and moisture in the oil in the event of
component degradation and seawater ingress. Due to their cost, a single ICM may be considered for
an entire Squid 6S array.
Additional generator monitoring is proposed, including bearing temperature measurement and
higher resolution speed monitoring. Inductive proximity sensors may be useful in the detection of
shaft misalignment, especially with regards to measuring the response of the generator drive shaft to
mechanical shock. Humidity sensors in the PTO module provide detection for water ingress and risk
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of corrosion to internal components. Additional instrumentation may be considered for the central
junction box, by monitoring the loads and accelerations experienced by the box during operation.
Finally, the battery voltage must be monitored for power consumption to ensure continuous power
supply to the solenoid valves, this is a simple to implement monitoring solution. Humidity sensors in
the instrumentation module and shore station PLC cabinet should be included to ensure acceptable
operating conditions for the electronics. However, a number of DAQ units and PLCs typically come
equipped with this sensing ability, as well as the option for coated electronic circuitry.

5.5 Functional Instrumentation Packages
The proposed condition monitoring methods in section 5.4 were consolidated into a set of practical,
non-redundant upgrades and grouped by subsystem and similar function. These functional
instrumentation packages are listed on Table 5-7 in order of subsystem. Each functional package
features sensors that monitor similar failure modes and provide similar functions. For each sensor,
the FMEA priority level, indicative cost and power requirements are provided, whereby ‘H’, ‘M’ and
‘L’ corresponds to High, Medium and Low risk rankings respectively.
The purpose of dividing the sensors into functional packages is to take the practical installation
requirements of sensors into account. Upon review of the failure mode monitoring priorities and cost
and installation implications of each package, instruments may be chosen as part of a portfolio.
In Table 5-7, 3 portfolios are presented: the ‘Existing’ instrumentation portfolio and the ‘Data
Collection’ and ‘Operational’ portfolios. The ‘Data Collection’ portfolio strives to maximise data
gathering to improve understanding of device operational behaviour and feedback into the
engineering design process, whilst the ‘Operational’ configuration presents a risk and cost balanced
instrumentation system, as one would deploy on a commercial device. The number of sensors to be
installed as part of each configuration is listed in the corresponding column.
A number of sensors proposed in Table 5-5 and Table 5-6 for specific sub-assemblies have been
physically moved to more practical locations. Due to the difficulty of installing subsea manifold blocks
and pressure transducers, distributed pressure monitoring has been moved to the Low-Pressure
Antinode to accompany the proposed reservoir level sensor. The moisture sensor and inline
contamination monitor have also been placed inside the hydraulic PTO module, to due simplicity of
sensor installation and connection to the existing DAQ unit.
Sensors related to the central junction box and export cable were allocated for installation within the
central junction box enclosure. Additional instrumentation not directly associated to the failure
modes was also considered, such as inertial measurement units, a hydraulic oil flow meter and a
generator torque transducer. These were selected to improve the understanding of device operation.
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Mechanical Shock

Vibration Transmitter

Moorings

Power [W]

Mooring Leg

Sensor Cost [£]

Package

FMEA

Sensor

Operational

Parameter

Data Collection

Sub-Assembly

Existing

Table 5-7 Functional Packages

1

1

M

200

0.9

Mooring Grid

Mooring Loads

Load Shackle

Moorings

1

1

M

1100

0.2

Mooring Connector

Antinode relative inclination Inclinometer

Motions 1

2

2

H

190

0.4

Riser

6 DOF Motion

Inertial Meas. Unit

Motions 2

1

L

1475

0.6

Antinode

6 DOF Motion

Inertial Meas. Unit

Motions 2

3

L

1475

0.6

2

M

250

0.2

Riser

Forces on Bolts Base Cast

M24 Load Bolt

Fasteners

Antinode

Forces on Bolts Node Wing

M24 Load Bolt

Fasteners

2

M

250

0.2

Link Arm

Forces on Bolts Yoke

M24 Load Bolt

Fasteners

2

H

250

0.2

1

M

250

0.2

Pumping Module

Forces on Bolts P1 A Bracket M20 Load Bolt

Fasteners

Pumping Module

Forces on Bolts C Boss

M20 Load Bolt

Fasteners

1

M

250

0.2

Pumping Module

Forces on Bolts H. Cylinder

M20 Load Bolt

Fasteners

1

H

250

0.2

Riser

Forces on Structure

Strain Gauge

SHM

2

M

190

0.2

Link Arm

Forces on Structure

Strain Gauge

SHM

2

M

190

0.2

2

M

190

0.2

Pumping Module

Node wing and Yoke Strain

Strain Gauge

SHM

Pumping Module

Mechanical Linkage Strain

Strain Gauge

SHM

1

M

190

0.2

Pumping Module

Cylinder Shaft Bending

Strain Gauge

SHM

1

H

190

0.2

Pumping Module

Hydraulic Cylinder Extension Linear Transducer

PMO

6

H

345

0.3

Pumping Module

Hydraulic Cylinder Pressure

PMO

12

H

60

0.2

1

1

H

370

0.6

1

1

H

60

0.2

2

2

H

60

0.2

2

2

H

60

0.2

1

1

H

430

0.3

1

M

1610

2.2

L

240

0.6

1

M

610

0.5

1

H

145

1.0

145

1.0

75

0.2

Low Pressure Antinode

LP Accumulator Level

Pressure Transducers
Level sensor

LPAN

Low Pressure Antinode

LP Accumulator Pressure

Pressure Transducer

LPAN

Power Take Off

System Pressure

Pressure Transducer

-

Power Take Off

PTO Pressure

Pressure Transducer

-

Power Take Off

Oil Moisture and Temp

Moisture Sensor

PTO

Power Take Off

Particulates, Moisture, Temp Inline Cont. Monitor

2
2

PTO

Power Take Off

Flow Rate to PTO Module

Flow Meter

PTO

1

Power Take Off

Oil Filter Cleanliness

Clogging Indicator

PTO

1

Power Take Off

Generator Voltage

Voltage Transducer

-

1

1

Power Take Off

Generator Current

Current Sensor

-

1

1

1

H

Power Take Off

Generator Temperature

Temperature sensor

-

1

1

1

H

1

H

55

0.3

1

M

145

0.5

1

1

H

250

0.3

Power Take Off

Generator Speed

Inductive Speed Sensor

-

Power Take Off

Generator Speed

Incremental Encoder

Generator

Power Take Off

Bearing Vibration

Vibration sensor

Generator

1

Power Take Off

Bearing Temperature

Temperature sensor

Generator

1

1

M

75

0.2

Power Take Off

Shaft Alignment

Ind. Proximity Sensor

Generator

1

1

M

85

0.3

Power Take Off

Generator Torque

Torque Transducer

Generator

1

L

1335

2.8

Central Junction Box

6 DOF Motion

Inertial Meas. Unit

Export

1

M

1475

0.6

1

H

190

0.2

Export

1

M

190

0.2

Export

2

M

250

0.2

75

0.2

160

0.2

Central Junction Box

Export cable tension

Strain Gauge

Central Junction Box

Inter array cable tension

Central Junction Box

Forces on Bolts Export Cable M10 Load Bolt

Strain Gauge

Export

PTO Instrumentation

Battery Voltage

Voltage Transducer

DAQ

1

1

M

PTO Instrumentation

Relative Humidity

Humidity Sensor

DAQ

1

1

M
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5.5.1 Installation Considerations
This section considers in detail the physical location and practicalities of sensor installation. Figure
5-12 displays the moorings, motions, fasteners and structural health monitoring packages. The
accelerometer, inclination sensors and IMUs are to be mounted internally within the PTO module
and surrounding antinodes, whilst the load shackle will be installed in place of the mooring connector
ring at the interface of the antinode and the mooring grid. A series of load bolts are to directly
replace existing M20 and M24 fasteners between the riser, antinode and link arms and the pumping
module. A number of strategic locations for the strain gauging of structural members is also
illustrated.

Figure 5-12 Moorings (1), Motions (2), Fasteners (3) and Structural Health Monitoring (4) Packages.

Figure 5-13 displays the pumping module, low pressure antinode, power take off and generator
packages. The pressure transducers will be installed on existing ports on the cylinder manifold blocks,
whilst the linear extension transducers must be retrofitted into the existing cylinders, new cylinders
may also be purchased altogether. Figure 5-12.2 shows the low pressure accumulator, which is
located in the low pressure antinode, and shows where the level sensor and pressure transducers
may be integrated. Figure 5-13.3 and Figure 5-13.4 shows the power take off and generator
packages, which require a series of instruments to be installed in the power take off module, located
in the power take off antinode.

Figure 5-13 Pumping Module (1), Low Pressure Antinode (2), Power Take Off (3) and Generator (4) Packages.

The Export Cable upgrades will be integrated into the Central Junction Box and involve the strain
gauging of cable sheaths and the retrofit of two M20 load bolts. The DAQ health package will see the
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installation of a relative humidity sensor and a voltage transducer in the PTO instrumentation
module, located above the generator and hydraulic components in the PTO module.
Cable Routing
As the DAQ system is located inside the Power Take Off module, instruments within the PTO may be
connected with relatively low extra cost. However, where sensors are installed external to the PTO
module, additional DAQ infrastructure in the form of jumper cables and connectors is required for
the distribution of power and data.
The route of data and power delivery, as well as the sensor connection may be confined to the
surface or installed subsea. In addition to installation of sensors in the PTO module, four scenarios
were considered which used varying means of cable routing to a surface or subsea connection. These
are described in Table 5-8 and are illustrated on Figure 5-14, with costs provided for each layout,
representative costs for consumable items may be found at [152].
Table 5-8 Cable Routing Scenarios

ID

Cable Routing

1A Surface Jumper,
Surface

Description

Cost [£]

Takes advantage of

Cost Components

200 IP69 connectors, 5m jumper cable,

array architecture.

strain relief

Connection
1B

Surface Jumper,

Limited to assemblies

Subsea

within 5-10m of PTO

strain relief, ratchet straps, 5m

Connection

module

cable cover

2A Subsea Jumper,

250 IP69 connector, 5m jumper cable,

Device-level network

1,675 IP69 connectors, 30m jumper cable,

Surface

avoids subsea

strain relief, ratchet straps, 30m

Connection

connections.

cable cover, subsea junction box,
potting compound, cable glands

2B

Subsea Jumper,

Device-level network,

1,975 IP69 connector, 20m jumper cable,

Subsea

marinisation of

strain relief, ratchet straps, 20m

Connection

sensors to be

cable cover, subsea junction box,

considered.

potting compound, cable glands,
subsea dry-mate connectors

3

Internal to PTO or

Cost effective, simple

CJB

and most reliable

0 -
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Figure 5-14 Cable Routing Scenarios

In the event of requiring device-wide data acquisition and power delivery, an appropriate field-bus
architecture may be employed for the simplification and ruggedisation of wiring and data
transmission. Field-bus DAQ architectures become useful where signal attenuation and multiple
conductors cause difficulties in data aggregation, this is particularly useful if taking measurements
from multiple transducers installed on the subsea pumping modules or on the bottom of antinodes
and risers. Architectures considered include a CAN Bus or an Ethernet-based Remote Input/Output
(IO) module architecture for device level networking, as shown on Figure 5-15. Further consideration
of communication protocols is detailed in [153]. The required subsea hardware has been included in
the cost assumptions on Table 5-8.

Figure 5-15 CANBus (left) and Ethernet-based Remote IO (right) DAQ Architectures for Device Level Networking
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Factoring the required cable routing hardware into account, the costs of cable routing for each
sensor package may be approximated, as shown on Table 5-9.
Table 5-9 Cable Routing Cost

Package

Cable Routing Cost [£]

Moorings

1B

250

Motions 1

1A

200

Motions 2

2A

1,675

Fasteners

1B

250

Structural Health Monitoring 1B

250

Pumping Module

2B

1,975

Low Pressure Antinode

1A

200

Power Take Off

3

0

Generator

3

0

Export Cable

3

0

DAQ Health

3

0

Sensor Installation
In addition to the cable routing cost, the installation of various sensors may require specific mounts,
adaptors, materials for surface preparation and adhesion and custom hydraulic pipework. The cost of
sensor installation is therefore approximated by attributing the costs shown on Table 5-10,
representative costs for consumables items may be found at [152].
Table 5-10 Sensor Installation Scenarios

Installation

Description

Simple

Simple installation, pre-made

Moderate

Custom

Cost [£]

Cost Components

25 Pre-made wire assembly,

mounts, little retrofit activity

connectors, cable glands, conduit,

required. Most 4-20mA sensors.

DIN rail

Relatively simple installation but

50 Adaptors, retrofit of existing

more labour intensive. E.g. flow

assemblies, replacement of

meter, IMU

components, calibration.

Labour intensive installation,

100 Custom fittings, adaptors,

requiring custom fittings or

machining of existing assemblies,

calibration. E.g. strain gauges, ICM

time consuming calibration.

In this manner, the installation cost for each package may be approximated, as shown on Table 5-11.
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1

e
Custom

Moorings

Moderat

Package

Simple

Table 5-11 Sensor Installation Cost

1

Notes
Vibration internal mount, protection

Cost [£]
125

required for load shackle
Motions 1

2

Inclinometers mounted internally to PTO and

50

LPAN modules
Motions 2

3

4

IMUs in subsea potted junction boxes

550

Fasteners

9

Butyl tape, strain relief, cable protection

900

Structural Health

8

Epoxy, surface preparation, strain relief,

800

Monitoring

cable protection for strain gauges

Pumping Module

18

Butyl tape, sensor marinisation, consider

1,800

bellows for pumping module
Low Pressure

1

1

Pressure internal mount, adaptor for level

Antinode

75

sensor

Power Take Off

2

1

1

Piping and mounts for ICM and flow meter

200

Generator

2

2

1

Mount for proximity sensors, inline

250

installation of torque transducer
Export

1

4

IMU internally mounted, surface preparation

450

and protection for strain gauges
DAQ

2

Simple internal installation in

50

instrumentation module
Cost Summary
By summing the sensor, cable routing and sensor installation cost, an approximate cost of installing
each instrumentation package is obtained, this is provided in Table 5-12. Also shown are the FMEA
risk levels and power requirements associated with each package.
Due to the additional cost of cable routing and sensor installation, monitoring device motions and
structural loading using distributed IMUs and strain gauges becomes cost prohibitive for normal
operation. In contrast, due to the simplicity of connection, the Motions 1, Low Pressure Antinode and
DAQ Health packages provide cost effective monitoring solutions.
Through internal consultation and careful consideration of the trade-off between risk monitoring and
cost of retrofit, a number of proposed upgrades have been selected for installation on a commercial
device in an operational portfolio, this is described in the following section. The remaining upgrade
packages may be considered for the purpose of data collection.
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Total Cost [£]

M

1675 1.1

Relative inclination

H

630

Inertial Measurement

L

8125 2.2

Sub-System Package

Objective

Moorings

Condition Monitoring Vibration and force

Moorings

peak forces

Description

Power [W]

FMEA

Table 5-12 Functional Package Risk, Cost and Power Summary

measurement of
connectors

Moorings

Motions 1

Basic inclination

0.8

measurement
Moorings

Motions 2

Improve
understanding device
motions

Structural

Structural

Fasteners

Verify loading on

Load bolts in place of M20 M,H

fasteners

and M24 fasteners

Structural

Verify structural

Strain gauges on major

Health

loading

structural members

Pumping

Monitor pumping

Linear extension and

Module

module operation and pressure measurement

3400 1.8

M,H

2570 1.6

H

6565 4.2

H

705

Monitoring
Hydraulics

health
Hydraulics

Low

Leakage detection

Pressure

Distributed pressure and

0.8

reservoir level sensing

Antinode
Hydraulics

Power Take Hydraulic PTO

Measurement of oil

Off

moisture, temperature,

condition monitoring

L,M,H 3090 3.6

particulates
Electrical

Generator

Drivetrain condition

Vibration, misalignment,

monitoring

temperature, torque

L,M,H 2140 4.1

measurement
Electrical

Export

Verify export cable

Monitoring of forces and

Cable

forces and motion

motions of export cable

M,H

2805 1.4

M

285

interface
Electrical

DAQ Health DAQ status
monitoring

Monitoring of
instrumentation module
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0.4

5.6 Proposed Instrumentation Portfolio
5.6.1 Instrumentation
The operational portfolio, summarised on Table 5-13, strives to achieve a balance between the
monitoring of high and medium priority failure modes as explored in the previous sections, and costeffective, practical CMS solutions. The list of upgrades provided enable condition monitoring of the
generator, hydraulic PTO components and overall hydraulics system, as well as provide a degree of
motion sensing and mechanical shock detection. Due to the simplicity of cable routing, the majority
of upgrades are to be deployed inside the PTO antinode, with a number of upgrades allocated to the
low-pressure antinode.
Table 5-13 Squid 6S WEC Proposed Instrumentation Upgrades

ID

Sub-Assembly

Parameter

Sensor

1

Mooring Leg

Mechanical Shock

Vibration Transmitter

2

Mooring Grid

Mooring Loads

Load Shackle

3

Mooring Connector

Antinode relative inclination

Inclinometer

8

Low Pressure Antinode

LP Accumulator Level

Level sensor

8

Low Pressure Antinode

LP Accumulator Pressure

Pressure Transducer

11

Power Take Off

System Pressure

Pressure Transducer

11

Power Take Off

PTO Pressure

Pressure Transducer

11

Power Take Off

Oil Moisture and Temp

Moisture Sensor

11

Power Take Off

Oil Filter Cleanliness

Clogging Indicator

11

Power Take Off

Generator Voltage

Voltage Transducer

11

Power Take Off

Generator Current

Current Sensor

11

Power Take Off

Generator Temperature

Temperature sensor

11

Power Take Off

Generator Speed

Inductive Speed Sensor

11

Power Take Off

Bearing Vibration

Vibration sensor

11

Power Take Off

Bearing Temperature

Temperature sensor

11

Power Take Off

Shaft Alignment

Ind. Proximity Sensor

16

PTO Instrumentation

Relative Humidity

Humidity Sensor

An accelerometer and inclinometer within the low pressure antinode allow for the detection of ship
impacts, peak accelerations and the status of the antinode connection. A pressure transducer and
level sensor in the low pressure antinode improve the systems ability to detect hydraulic oil leakage.
This is complemented by a moisture sensor and oil filter clogging indicator in the PTO module.
Due to the high failure rate of the bearings, temperature and vibration sensing is suggested, as well
as the monitoring of generator shaft deflection. Watertight integrity of the PTO module is monitored
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using a relative humidity sensor, whilst a voltage transducer may be installed to monitor battery
charge to ensure sufficient power delivery to the PTO solenoid valves.
The design ethos used in sensor selection for the operational portfolio focused on choosing a variety
of robust, low-cost 4-20mA sensors that monitored a large range of failure mode parameters. This
approach was deemed to provide the best compromise between cost effectiveness and
comprehensive measurement.
The operational portfolio forgoes sensors such as the inline contamination monitor and torque
transducer due to their large cost and power requirements. While the installation of an ICM may not
be justified for a single device, it may be considered for an array of 6 devices or greater. Similarly, the
torque transducer may become cost effective for a larger scale of device.
All packages pertaining to the measurement of structural loading have been allocated to the data
collection configuration. This is due to the fact that structural components should be designed for
their anticipated lifetime loads. As such, the monitoring of structural loading on fasteners, large
structural members and the export cable may be conducted to verify design loads and improve
component design. However, these are design actions rather than condition monitoring priorities.
The Motions 2 and Pumping Module packages both require device-level networks for the
transmission of data and power between sensors. Due to the modular nature of the Squid 6S WEC,
retrofitting the required cable infrastructure presents challenges in device deployment and marine
operations. Due to factors such as marine growth, corrosion and foreign body impacts, retrofitting of
sensors external to the PTO and LPAN antinodes should only be considered for temporary
deployments.
If instrumentation of the pumping modules is necessary for the next generation of device, improved
cable routing may be integrated within the device structure. Bellows may also be considered to avoid
the submergence of instrumentation.

5.6.2 Network Architecture
Figure 5-16 shows the network architectures considered for a Squid 6S WaveNET Array composed of
6 devices. Figure 5-16.1 uses a Master PLC and an offshore industrial Ethernet hub in conjunction
with remote Input/Output (I/O) modules rated for high environmental protection. Figure 5-16.2 uses
compact PLCs with integrated and remote I/O for distributed processing and control. Figure 5-16.3
uses Controller Area Network (CAN) Controllers with integrated and remote I/O for the robust
delivery of sensor and actuator power and communications. These architectures are discussed
further in depth in an independent study by the author in [153].
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Figure 5-16 Squid 6S WaveNET Array Network Architecture Options. 1. Remote I/O, 2. PLC and 3. CAN Controller.

The use of remote I/O modules in all of the aforementioned architectures allows for robust power
and data transmission to sensors installed in the LP Antinode (LPAN), which is adjacent to the PTO
antinode. Accommodating the DAQ requirements of the sensors presented in the operational
portfolio on Table 5-13, indicative I/O costs of each network configuration in Figure 5-16 are
provided in Table 5-14, Table 5-15 and Table 5-16.
Table 5-14 Remote I/O Module DAQ System Cost

Location

Unit

Model

Supplier

PTO Module

Remote I/O Bus Controller

X67 BC8513.L12

B&R [154]

240

1

240

Remote I/O Analogue Input

X67 AI1323

B&R

150

4

600

Remote I/O Power Supply

X67 PS1300

B&R

190

1

190

Remote I/O Analogue Input

X67 AI1323

B&R

150

1

150

LPAN

Cost [£]

Qty Total [£]

PTO Module

840

With LPAN

1,180

Table 5-15 PLC and Remote I/O Module DAQ System Cost

Location

Unit

Part

Supplier

PTO Module

PLC with Integrated I/O

X20CPU1381

B&R [154]

420

1

420

PLC I/O Analogue Input

AI 4622

B&R

170

4

680

Bus Transmitter for X67 I/O

BT9400

B&R

90

1

90

Remote I/O Bus Controller

X67 BC8331

B&R

190

1

190

Remote I/O Analogue Input

X67 AI1323

B&R

150

1

150

LPAN
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Cost [£]

Qty

Total [£]

PTO Upgrades

1,100

With LPAN

1,530

Table 5-16 CAN Controller and Remote I/O Module DAQ System Cost

Location

Unit

Part

PTO Module CAN Controller with Integrated I/O

LPAN

Supplier

Cost [£] Qty Total [£]

CR2532 IFM [155]

700

1

700

Remote I/O module

CR2050 IFM

280

1

280

Remote I/O module

CR2050 IFM

280

1

280

PTO Upgrades
With LPAN

980
1,260

Due to Albatern’s marine operations experience in experiencing connector failures due to
manufacturing defects and poor installation, it is elected to use the robust, environmentally resistant
B&R X67 remote I/O modules [156] (Figure 5-16.1). Additionally, the modularity of the X67 remote
I/O allows for expansion of the DAQ system if required, and shortened commissioning and
maintenance times due to the pre-assembled M12 sensor and actuator connections.
The network topology proposed addresses the reviewed literature regarding appropriate DAQ
architectures for WEC arrays by selecting a Master-Slave architecture using a shore-based PLC and
real-time Ethernet networked offshore remote I/Os. The DAQ architecture is designed to facilitate
data collection and control of a large number of sensors and actuators, and uses a grid connection to
deliver auxiliary power and Ethernet communications over fibre optic cable.

5.6.3 Data Acquisition System
The DAQ system, as described on Table 5-14 and illustrated on Figure 5-17, is composed of B&R X67
remote I/O modules. The modules are connected to the shore station PLC by fibre optic cable, media
converter and industrial ethernet hub located in the offshore Central Junction Box. The modules
offer robust, IP67 rated sensor and actuator connection via M12 connectors and communicates to
the shore-based PLC using the real-time industrial Ethernet protocol Ethernet Powerlink.

Figure 5-17 B&R X67 Remote I/O Module DAQ System
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The reliability issues experienced with the existing instrumentation system, as documented in [35],
included difficulties surrounding the multi-pin sensor and Ethernet connectors (Figure 5-18, left)
prototype circuit boards (Figure 5-18, right) and vulnerable electrical components.

Figure 5-18 Multi-pin Connector (left) and Instrumentation Module (right).

A number of issues were experienced as follows:
1. Difficulty of in-situ maintenance due to multiple cable connections between
instrumentation module and PTO module
2. Convoluted cable system resulting in difficulty of diagnosis of sensor system fault
3. Exposure of prototype circuit boards to moisture and conductive debris, quality issues
with in-house manufactured prototype breadboards
4. Poor strain relief of multi-core sensor cable connect to prototype circuit board, high
possibility of improper fastening
5. Lengthy commissioning time associated with bespoke cable harness for pressure
transducers and solenoids in PTO module
6. Self-crimped Ethernet cables resulting in low reliability and poor RJ45 connections
This remote I/O design targets existing reliability issues by using standardised, pre-assembled IP67
rated M12 connectors for sensor, Ethernet and power cable connections. By using IP67 rated DAQ
modules, the instrumentation module used to house the DAQ system may be removed, thus
reducing the number of high-failure likelihood electrical connectors at the interface of the
instrumentation module and PTO module.
Additionally, the X67 remote I/O modules are protected against moisture and corrosion and are
resistant to mechanical shock and high accelerations associated with device movement. Diagnostics
and on-board LEDs also allow for efficient troubleshooting.
In this way, the operational challenges of WEC instrumentation, as highlighted in the literature
review section 3.5.7, are addressed.
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5.6.4 System Block Diagram
Figure 5-19.1 and Figure 5-19.2 display a system block model of the existing and proposed DAQ
systems respectively. The introduction of the IP67 protected remote IO modules allows for the
removal of the IP20 protected instrumentation enclosure, reducing the number of electrical
connectors and connection interfaces. The battery assembly is also to be relocated from the PTO
module to the central junction box, allowing for delivery of a 24V DC auxiliary power supply from a
larger battery bank.

Figure 5-19 Retrofit System Block Model of 1. Existing System (left) and 2. Proposed System (right).

5.6.5 Additional Considerations
The DAQ system design process, involving consideration of the Squid 6S operating principles,
instrumentation design principles and design requirements is documented thoroughly by the author
in [153]. In this study, a review of the application environment according to the DNV-OS-D202 [157]
and NORSOK I-001 [158] standards is given and factors driving DAQ unit and network protocol
selection are discussed.
The remote I/O topology provided may be expanded or altered as required to accommodate
additional or different sensors and actuators. Additional modules are available with additional
features such as high frequency counters, strain gauge bridge completion and resistance
measurement for temperature probes. For example, high current digital outputs may be used in
place of relays to drive the hydraulic manifold solenoid valves. In this study, a base DAQ system has
been provided to demonstrate the feasibility of the remote I/O based system.

5.6.6 CMS Upgrade Summary
The final CMS upgrade base cost, corresponding to the proposed instrumentation on Table 5-13, is
summarised in Table 5-17, additionally the costs of the mooring loads and LP Antinode upgrades are
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provided in Table 5-18 and Table 5-19. The cost of the proposed instrumentation, taking into account
sensor connection and installation, is approximately £2,850. The cost of installing additional
monitoring on the mooring connector and LP antinodes costs £1,450 and £1,475 respectively.
Table 5-17 CMS Base Upgrade Indicative Cost Summary

Sensor

Example

Example Supplier

Model

Sensor

Install

Connection

IO Cost

Cost [£]

Cost [£]

Cost [£]

[£]

Vibration Transmitter

VTV122

IFM [159]

200

25

Moisture Sensor

LDH100

IFM

430

25

Clogging Indicator

VL 5 GW .0

Hydaq [160]

610

25

Vibration sensor

VSA001

IFM

250

25

Temperature sensor

PT100 TFD

Omega [161]

75

25

Ind. Proximity Sensor

IG6087

IFM

85

50

Humidity Sensor

HX300

Omega

160

25

0

840

Subtotal Base Upgrade

2850

Table 5-18 CMS Mooring Loads Upgrade Indicative Cost Summary

Sensor

Example

Example Supplier

Model
Load Shackle

Crosby 2130

Applied

12Te

Measurements [162]

Sensor

Install

Connection

IO Cost

Cost [£]

Cost [£]

Cost [£]

[£]

1100

100

250

0

Subtotal Moorings

1450

Table 5-19 CMS LPAN Upgrade Indicative Cost Summary

Sensor

Example

Example Supplier

Model

Sensor

Install

Connection

IO Cost

Cost [£]

Cost [£]

Cost [£]

[£]

Inclinometer PTO

EC2082

IFM

190

25

Inclinometer LPAN

EC2082

IFM

190

25

Level sensor

LT3023

IFM

370

50

Pressure Transducer

PR130

Hydrotechnik [163]

60

25

200

Subtotal LPAN

340

1475

An instrumentation portfolio has been presented which seeks to maximise the risk versus cost trade
off of installing additional condition monitoring instrumentation. A core set of upgrades has been
provided using cost-effective sensors that target a wide-range of failure modes. This may be
expanded to monitor additional moorings and hydraulics related failure modes should additional
budget be available.
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The proposed instrumentation portfolio is achieved by considering the practical installation
requirements of upgrades in conjunction with the high and medium priority failure modes that
specific instruments are capable of monitoring. The methodology presented in Chapter 4 is thus
demonstrated using the functional packages approach.

5.7 Upgrades Installation
The proposed upgrade portfolio instrumentation and DAQ system formed the basis of an Innovate
UK Energy Catalyst grant, titled ‘An online, risk driven, condition monitoring, predictive maintenance
management and design upscaling tool for marine energy devices (RISKMAN)’. The grant application
was judged in October 2016 [164], subsequently awarded and has become active since November
2017 [165].
Unfortunately, prior to the beginning date of the Innovate UK Project, due to investment uncertainty,
in January 2017 Albatern Ltd. announced the redundancies of its research staff. As such, the direct
implementation of the upgrades proposed by the author was not possible, however these upgrades
were considered in the execution of the Innovate UK project by the remaining Albatern staff.
In lieu of the installed upgrades, 3 years of marine operation maintenance logs and failure data were
compared with the Squid 6S FMEA to build an understanding of WEC field failure. The study
investigates unanticipated operational failures and highlights that altering the design of a prototype
introduces new failure modes into the WEC array. This lessons learned study is documented in [35].
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6 Subsystem Level Condition Monitoring System for a Tidal Stream
Turbine Cooling System
6.1 Overview
This chapter details a risk-based approach to determine upgrades to the Nova M100 (NM100) tidal
turbine gearbox cooling system, following the methodology described in Chapter 4 and second
approach described in section 4.5. These upgrades were incorporated into a Condition Monitoring
System (CMS) upgrade package which was subsequently installed on the NM100 Turbine 3 during
May to August 2018.
The project background and industrial context is first provided, followed by a description of the Nova
M100 tidal turbine system and Data Acquisition (DAQ) architecture. Next, a Failure Mode and Effects
Analysis (FMEA) was used to determine high priority failure modes of the gearbox cooling system, a
number of detection methods were proposed to mitigate these failures, and the FMEA outputs were
used in a detection matrix optimisation study to propose an instrumentation upgrade portfolio.
After further consideration of time and cost constraints, a final set of instrumentation was agreed
upon for installation on Turbine 3. The final section of this chapter details the selection, installation
and commissioning of this equipment.

6.2 Nova Innovation Project Description
6.2.1 Case Study Industrial Context
Nova Innovation is a tidal turbine technology developer based in Edinburgh, UK, and was founded in
2010. Nova Innovation owns and operates 3 100kW subsea tidal turbines as part of its flagship
Shetland Tidal Array project, and is the lead of the Horizon 2020 Enabling Future Arrays In Tidal
(EnFAIT) project [166], which involves a consortium of 9 industrial and academic organisations.
The EnFAIT project seeks to improve the reliability and availability of tidal energy converters, thereby
reducing capital and operational expenditure and improving the levelised cost of energy. The
projects will build upon the existing Shetland Tidal Array and will oversee the deployment of 3
additional 100kW turbines, from 2017 to 2022.
As part of the move to improve reliability, predictive maintenance methods are being explored. One
such strategy will investigate the potential of condition monitoring by monitoring critical subsystems.
The research project also represents an opportunity to improve the understanding of the operation
of the array, this may be achieved by studying the operation of subsystems and undertaking
improvements in the instrumentation and monitoring system installed on the turbines.
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6.2.2 NM100 Tidal Turbine
System Description
The NM100 is a 100kW horizontal axis, fixed foundation tidal turbine. The drivetrain consists of a
gearbox and induction generator, which is driven by a 9m diameter two-bladed rotor. The turbine,
shown in Figure 6-1, typically operates with a cut in speed of 0.6m/s and rated tidal speed of
approximately 2.0m/s.

Figure 6-1 NM100 Tidal Turbine in Bluemull Sound, Shetland [167]

The NM100 Turbine is deployed on a gravity base substructure and has a design life of 20 years.
Field Deployment
Three NM100 turbines are deployed across the sound Bluemull approximately 1km from shore, see
Figure 6-2, where a subsea cable connects each turbine to an onshore substation. Each substation, or
‘turbine housing’ contains the power electronics and transformer for each turbine. A dedicated
control and distribution housing oversees the control, operation and power dispatching of each
turbine housing.

Figure 6-2 NM100 Installation Bluemull Sound.

Existing Instrumentation
The instrumentation present in the turbine is deployed for the purposes of operation, however a
number of measured parameters may be used in the condition monitoring of the device. A summary

106

of useful parameters for monitoring of various parameters and potential failure modes is given in
Table 6-1. Data is collected at a sample frequency of 2Hz.
Table 6-1 Condition Monitoring Parameters

Parameter

Component

Instrument

Failure Mode

Generator

Generator

PT100 temperature

Overheating,

sensor

excessive peak torque

Accelerometer

Abnormal rotational

Temperature
Generator Vibration

Generator

signatures
Gearbox Temperature

Gearbox Vibration

Gearbox

Gearbox

PT100 temperature

Overheating, cooling

sensor

system failure

Accelerometer

Abnormal rotational
signatures

Bearing Temperature

Bearing Vibration

Bearings

Bearings

PT100 temperature

Bearing health,

sensor

lubrication failure

Accelerometer

Abnormal rotational

(Front and Rear)
Cooling pressure

signatures
Water Cooling Circuit

Pressure transducer

Leakage into External
heat exchanger

Turbine Ambient

Nacelle Control Unit

Pressure transducer

Leakage into nacelle

Nacelle Control Unit

PT100 temperature

Cooling system failure

Pressure
Turbine Ambient
Temperature
Turbine Ambient

sensor
Nacelle Control Unit

Humidity Sensor

Leakage into nacelle

Sump Humidity

Nacelle Control Unit

Humidity Sensor

Seal cassette integrity

Sump Level ¼ and 1/8

Sump

Level Sensor

Seal cassette integrity

Brake Pressure

Brake

Pressure transducer

Brake health

XYZ acceleration

Nacelle Control Unit

Accelerometer

Turbine movement

Oil temperature

Oil cooling circuit

PT100 temperature

Cooling system failure,

sensor

gearbox overheating

PT100 temperature

Cooling system failure,

sensor

gearbox overheating

Tidal velocimeter

Approximate tidal

Humidity

Water temperature

Tidal Flow Velocity

Water cooling circuit

Nacelle

flow speed
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The NM100 turbine uses a PLC based architecture and is controlled by a shore-based PLC via a fibre
optic connection. Remote I/O modules are used within the turbine to gather and issue signals to
instrumentation based in the turbine nacelle. This is illustrated on Figure 6-3.

Figure 6-3 Bluemull Sound C&I Architecture

6.2.3 Case Study Aim and Objectives
The NM100 turbine cooling system is a critical subassembly, as failure of the system will result in the
overheating of the gearbox, and thus halt the operation of the tidal turbine. This study will therefore
focus on the failure modes, performance and abnormal behaviour detection of the cooling system.
The main aim of this case study is to prove the second approach described in the methodology, by
building a CMS sensor portfolio using a detection matrix. This will be achieved by understanding the
failure modes of the NM100 turbine cooling system and to introduce condition monitoring solutions
to monitor them. The secondary aim of this case study is to improve understanding of power
performance and cooling system operation and inform predictive maintenance by identifying
abnormal behaviour. These aims will be achieved through the following objectives:
1. Failure Mode Investigation
a. Investigate the modes of failure of the cooling system and their associated
probability and consequence.
b. Propose monitoring solutions to:
i. Gain a better understanding of cooling system operation
ii. Facilitate and improve data capture for use in condition monitoring
c. Take forward a selection of instrumentation for installation on the turbine
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2. Power Performance Characterisation
a. Improve understanding of device power performance and mechanical to electrical
energy conversion
i. Conduct parametric modelling of turbine drivetrain to quantify heat transfer
of gearbox across varying operating speeds
ii. Perform installation of torque transducer and power metering equipment to
reduce uncertainty associated with energy conversion
iii. Produce gearbox efficiency model according to torque input for modelling
cooling system heat transfer
3. Cooling System Investigation
a. Gain an understanding of the as-designed and actual behaviour of the existing
gearbox cooling system.
i. Review of cooling system design and manufacture
ii. Review of cooling system operational data
b. Development of a parametric quasi-static model to assess cooling system behaviour
i. Build a parameter-based model to derive heat transfer coefficients of system
ii. Improve model with measured gearbox efficiency data
iii. Improve model with CMS upgrades from failure mode investigation
c. Assess if degradation in performance may be observed over device deployment.
i. Assess if physical model may be used to inform fault detection and predictive
maintenance
4. Exploration of Condition Monitoring System Upgrade Data
a. Explore data obtained from failure mode investigation CMS upgrades
b. Extract features or condition indicators from data
c. Review effectiveness of CMS upgrades for fault detection and informing predictive
maintenance

6.3 NM100 Cooling System Failure Mode and Effects Analysis
6.3.1 Process
The FMEA was undertaken by a team of 5 marine energy researchers as part of an International
Network for Offshore Renewable Energy (INORE) symposium workshop and was facilitated by the
author. Participants were provided with relevant common failure mode and root cause information.
The FMEA was subsequently reviewed internally at Nova Innovation; the objective of the review was
to ensure all failure modes were captured and ranked consistently, and that detection guidelines as
the basis for condition monitoring were provided for each high and medium priority failure mode.
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6.3.2 System Break Down
Schematics of the cooling system are shown in Figure 6-4 and the relevant components and functions
are provided in Table 6-2.

Figure 6-4 Cooling System Schematic
Table 6-2 Cooling System Components and Functions

Subsystem

ID

Component

Function

Cooling System

1

Expansion tank

Mitigate pressure increase in the water circuit

2

Water/glycol pump

Circulate water via the internal and external heat exchangers

3

Internal heat exchanger

Transfer heat from oil to water

4

External heat exchanger

Transfer heat from water circuit to sea water

5

Thermovalve

To open the valves when the temperature hits the threshold

6

Oil pump

Circulate oil via the gearbox and internal heat exchanger

7

Hydraulic hoses

Transport oil from gearbox to pump

8

Hydraulic fittings

Connect hydraulic hoses to heat exchangers and pipework

9

Water/glycol circuit

Transport heat from oil circuit to seawater

10

Oil circuit

Transport heat from gearbox to cooling water circuit

11

Pressure transducer

Pressure measurement of water circuit

12

Temperature sensors

Temperature measurement of fluid circuits

13

Filter

Clean oil from debris

14

Pressure switch

Indicate pressure drop in filter passes threshold
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6.3.3 Definition of Risk Classes
The DNV-RP-203 Qualification of a New Technology template [146] was used to attribute failure
modes with a risk ranking of 1 to 25 using a 5 by 5 probability and consequence matrix, this is
described in detail in Chapter 4 Methodology. For simplicity, the DNV template probability classes
were retained, see Table 6-3, whilst modifications were made to the consequence classes for
applicability to the NM100 turbine cooling system, see Table 6-4.
Table 6-3 Cooling System Probability Class Definitions

Class Frequency Description

Expected Failures

Annual

MTBF

Probability

in Design Life of

Failure

[Years]

of Failure,

Device εD

Rate λA

20Yr Life

1

Very Low

Negligible event frequency

0.002

0.0001

10000

3.28%

2

Low

Event unlikely to occur

0.02

0.001

1000

15.35%

3

Medium

Event rarely expected to

0.2

0.01

100

63.21%

2

0.1

10

100.00%

20

1

1

100.00%

occur
4

High

One or several events
expected to occur during
device lifetime

5

Very High

One or several events
expected to occur each year

Table 6-4 Cooling System Consequence Class Definitions

Class
1

2

3

4

5

Safety

Environment

Operation

Assets

Negligible injury,

Negligible pollution or no

Negligible effect on

effect on health

effect on environment

production

Minor injuries, health

Minor pollution or slight

Limited effect on

effects

effect on environment

production, turbine

(minimum disruption on

cuts out at highest tides

marine life)

only

Significant injuries

Limited levels of pollution,

Moderate effect on

Damage to ancillary

and/or health effects

moderate effect on

production, turbine

components in nacelle

environment

cuts out most tides

A fatality, moderate

Moderate pollution, with

Turbine out of

Damage to gearbox

injuries

some clean-up costs /

production requiring

requiring retrieval of

Serious effect on

retrieval, cooling

device

environment

system failure

Several fatalities,

Major pollution event,

Turbine out of

Loss of turbine, major

serious injuries

disastrous effects on the

production for 6 or

repair required

environment

more months
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Negligible damage

Minimum damage

The consequence class definitions were used to establish consistency throughout the failure modes
in the study. For example, the failure of both the water and oil pumps both result in the failure of the
cooling circuit, thus taking the turbine out of production and attaining a consequence ranking of 4.
Whilst a decrease in performance may result in the turbine shutting off at the peak point in the tide,
resulting in regular but not critical production loss, this attains a consequence ranking of 3.
Single points of failure capable of taking the turbine out of service, such as the failure of cooling
pumps and the build-up of air trapped in the oil circuit and internal heat exchanger, were attributed
a consequence ranking of 4. Catastrophic failure, such as the leakage of water into the nacelle via the
external heat exchanger, was attributed a consequence ranking of 5.

6.3.4 Results: Priority Failure Modes
The initial FMEA yielded failure modes across the 14 independent components and sub-assemblies,
this consisted of 3 high, 14 medium and 39 low priority failure modes and is summarised in Figure
6-5. In Figure 6-5, the internal and external heat exchangers, as well as the oil and water/glycol
pumps have been attributed the highest number of high and medium priority failure modes.

Figure 6-5 Failure Mode Summary by Subsystem

High Priority Failure Modes
The components of highest criticality are the internal and external heat exchangers and oil pump, as
seen on Table 6-5.
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6

Component
Oil Pump

Failure mode

Root Cause

Electrical motor

Electrical short, power supply,

failure

manufacturing error, overheating

Probability

ID

Consequence

Table 6-5 High Priority Failure Modes

Risk

4

5

High

20

4

4

High

16

5

3

High

15

RPN

on start up
3

4

Internal heat

Clogged oil circuit -

Build-up of debris or air in heat

exchanger

developed

exchanger oil circuit

External heat

Leakage - seawater

Loose fittings, seal failure,

exchanger

into exchanger -

foreign body impacts, installation

consequential failure

or maintenance error, corrosion,
vessel or anchor damage

Informed by Nova Innovation’s operational experience, the failure of the cooling system oil pump
motor has resulted in the turbine being taken out of operation in strong tides. This has resulted in a
loss of production and occurred on two of three turbines. This failure has subsequently been
addressed by the installation of a three-phase motor to reduce the probability of electrical motor
failure of the pump, resulting in a consequence and probability score of 4 and 2 respectively, giving a
total revised RPN of 8.
The possibility of cascading failure was assessed; a failure mode is divided into an initial state and a
more developed state. In the internal heat exchanger, air in the oil circuit or debris gathering in the
reservoir will cause a reduction in heat transfer efficiency. At first this effect is limited and causes the
turbine to cut out at the peak of a tide due to overheating, however as the failure develops, the heat
transfer ability is reduced entirely.
Likewise, an initial leakage of seawater into the water-cooling system poses very little threat to the
turbine or gearbox, however as cooling water circulates, the water circuit will eventually be replaced
by seawater, which will begin to corrode the internal piping and connections. If not detected, this
could be highly dangerous if seawater is able to leak into the nacelle interior or circulated throughout
the oil circuit into the gearbox.
Medium Priority Failure Modes
The medium priority failures with a Risk Priority Number (RPN) of 8 or greater is provided in Table
6-6.
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Component

Failure mode

Root Cause

4

External heat

Marine growth

Marine growth

exchanger

blocks heat transfer

Internal heat

Clogged oil circuit -

Build-up of debris or air in heat

exchanger

partial

exchanger oil circuit

Internal heat

Leakage - water into

Seal failure, overpressure,

exchanger

nacelle

manufacturing defect, corrosion

Oil pump

Air in pump

Fluid/material degradation,

3

3

6

Probability

ID

Consequence

Table 6-6 Medium Priority Failures RPN>8

Risk

RPN

4

3

Med

12

2

5

Med

10

5

2

Med

10

3

3

Med

9

installation error, open circuit
7

Hydraulic

Clogging

debris in fluid circuits

3

3

Med

9

Water/glycol

Electrical motor

Electrical short, power supply,

4

2

Med

8

pump

failure

manufacturing error, overheating

Water/glycol

Seizing

Bearing friction, wear, lack of

4

2

Med

8

4

2

Med

8

4

2

Med

8

4

2

Med

8

4

2

Med

8

4

2

Med

8

hoses
2

2

pump
3

3

lubrication

Internal heat

Clogged water

Build-up of debris or air in heat

exchanger

circuit - developed

exchanger water circuit

Internal heat

Mixing of circuits

Corrosion, debris in oil/fluid

exchanger

circuits, wear/tear, material
failure

4

5

External heat

Clogged water

Trapped air or debris in water

exchanger

circuit - developed

circuit

Thermovalve

Valve stuck closed

Debris in oil circuit,
manufacturing/ installation /
maintenance error, wear/tear

6

Oil pump

Seizing

Bearing friction, wear, lack of
lubrication, failure of gear teeth,
debris in oil circuit

10

Oil circuit

Viscosity

Moisture or debris contamination

4

2

Med

8

13

Filter

Clogged

Debris

4

2

Med

8
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Apart from the oil pump and hydraulic hoses, the medium priority failure list is dominated by heat
exchanger failure. Amongst the RPN 8 failures, typically composed of high consequence and low
probability, included are the failures of the water/glycol pump, filter, thermostat valve and cooling
oil. This arises from defining the loss of cooling system functionality, and hence turbine operability,
as a consequence level of 4. Failures furthermore causing damage to the gearbox are also attributed
a consequence score of 4.
Common failure modes include a range of components failures resulting in the loss of cooling system
functionality, this includes air entering the fluid circuits, various pathways in the fluid circuits
becoming clogged, failure of the water and oil pumps, and valve seizure. ranges from pumps or
valves failing or seizing closed to clogging and reduction in heat transfer efficiency. This may be
caused by air, moisture or debris contamination, installation or maintenance errors, seal
degradation, bearing friction, or electrical failures.
Of particular concern is the loss of heat exchanger functionality due to the build-up of air, or clogging
due to debris in both the oil and water circuits. Also, of concern is the mixing of oil and water circuits
and the contamination of cooling oil with water, resulting in damage to the gearbox. Although
seizure or clogging of the thermostat valve, fluid pumps and filter is unlikely, the turbine may be
taken out of operation if the flow of cooling fluid is significantly reduced at any stage.

6.4 Proposed Detection Methods for Condition Monitoring
In view of the high consequence of cooling system failure, instrumentation should be considered for
each component in the cooling system whose sole failure can result in turbine downtime. In order to
detect the onset or occurrence of high and medium priority failures as listed on Table 6-5 and Table
6-6, a number of detection methods have been identified for the purposes of fault detection and
prediction. These are described in Table 6-7.
For example, the oil pump was identified as prone to electrical motor failure, seizing, trapped air and
debris contamination. Three phase power and pump vibration monitoring is recommended to allow
for condition monitoring of the motor electrical and mechanical health, whilst speed and
temperature monitoring will allow for detection of inconsistent flowrate or increased load.
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Table 6-7 Detection Parameters and Potential Instrumentation

ID

Component

Parameter

Sensor

Notes

-

Gearbox

Oil
temperature
in

Temperature
Sensor

Shows pressure drop across gearbox, can
assume same as outlet of oil internal heat
exchanger if thermovalve fully open

2

Water pump

Speed
of
water pump

Speed Sensor

Can use speed to infer flowrate and heat
transfer properties of system

2

Water pump

Single Phase
Power
Consumption

1 Phase Current
and
Voltage
Monitor

3-phase power consumption, power factor
and slippage ratio

2

Water pump

Water pump
vibration

Vibration
Sensor

Provide indication of pump mechanical
health, misalignment, bearing friction

2

Water pump

Water pump
temperature

Temperature
Sensor

Overheating on start-up, indication of
pumping load

3

Internal heat
exchanger

Oil
temperature
out

Temperature
Sensor

Can assume this is representative of
temperature gained by water circuit too

3

Internal heat
exchanger

Oil Pressure
Drop

Pressure
Transducer

Indicate build-up of debris in internal heat
exchanger (oil side)

3

Internal heat
exchanger

Water
temperature
out

Temperature
Sensor

Temperature gained by water through
internal heat exchanger (lost by oil)

3

Internal heat
exchanger

Water
pressure drop

Pressure
Transducer

Indicate build-up of debris in internal heat
exchanger (water side)

5

Thermovalve

Stroke
of
thermovalve

Flow Sensor

Placed on return from internal heat
exchanger, can infer flow division with oil
flowrate

6

Oil pump

Speed of gear
pump

Speed Sensor

Can use speed to infer flowrate

6

Oil pump

3 Phase Power
Consumption

3 Phase Current
and
Voltage
Monitor

3-phase power consumption, power factor
and slippage ratio.

6

Oil pump

Gear
pump
vibration

Vibration
Sensor

Provide indication of pump mechanical
health, misalignment, lubrication, bearing
friction

6

Oil pump

Gear
pump
temperature

Temperature
Sensor

Overheating on start-up, indication of
pumping load

9

Water/glycol
circuit

Water
flow
through circuit

Flow sensor

Heat transfer coefficient across both heat
exchangers, can infer oil flowrate if
temperature given

116

9

Water/glycol
circuit

Conductivity
water cooling
fluid

Conductivity
Sensor

Presence of seawater - may be difficult to
infer gradually

9

Water/glycol
circuit

Particulate
content
of
water

Optical
Particulates
Monitor

Presence of debris from corrosion or

10

Oil circuit

Oil
flow
through circuit

Flow Sensor

Shows flow division across thermostat
valve as well as heat transfer coefficient

10

Oil circuit

Pressure of oil
circuit

Pressure
Transducer

Pressure indicator of load on pump,
possible variation with trapped air

10

Oil circuit

Moisture of oil
cooling fluid

Moisture Sensor

Indication of mixing of circuits and
seawater leakage

10

Oil circuit

Oil condition

Oil
Condition
Sensor

Measures capacitance of fluid, giving
water ingress or oxidation levels

10

Oil circuit

Particulate
content of oil

Metallic Particle
Monitor

Pressure transducer on oil filter may
suffice, may provide valuable information
to compare to gearbox vibration

13

Filter

Pressure drop
across
filter
terminals

Pressure
Transducer

Continuous variable enables trending and
regression, switch indicates fault only

Although the addition of instrumentation improves understanding of system functionality and
otherwise difficult to infer system behavior, the cost and power requirements of the instrumentation
indicate a finite number of instruments can be installed before diminishing returns are experienced.
This would imply that a quantitative assessment of the risk reduction versus cost trade off will deliver
an optimised solution. This is explored in the following section.

6.5 Detection Matrix
6.5.1 Process
Following the approach described in Chapter 4, a ‘Detection Matrix’ is developed to explore the
trade-off between the cost of installing more instruments and the reduction in risk by monitoring
failure modes. Firstly, the costs of each sensor upgrade are compiled.
Secondly, the list of failure modes and risk rankings of the cooling system are arranged in a matrix
perpendicular to these upgrades. Finally, the impact of each sensor upgrade on the monitoring of
these failure modes is attributed to the corresponding row and column of the detection matrix.
These model inputs are presented in section 6.5.2.
The detection matrix is then fed into an optimisation algorithm, which selects sensor upgrades based
on a score; the score is driven by cost and risk reduction as described in section 4.5. Alternative
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weightings have been attributed to cost and risk scores, allowing the algorithm to place an emphasis
on cheaper sensors or sensors that reduce the most risk. The results of this optimisation study are
given in section 6.5.3. The integration of the selected sensors into a proposed instrumentation
upgrade portfolio is provided in section 6.6.

6.5.2 Model Inputs
Sensor Cost
Sensor, installation and data acquisition (input/output) costs were attributed to the sensors
proposed in Section 6.4. This is available on Table 6-8.
Table 6-8 Sensor Upgrade Cost

Sensors

Temperature Sensor

Example Model

Example

Sensor

Install

IO

Upgrade

Supplier

Cost

Cost

Cost

Cost

[£]

[£]

[£]

[£]

PR21 PT100

Omega

Temperature sensor

[161]

PXM309 Pressure

Wika

transmitter 4-20mA

[168]

Flow Sensor (water/glycol

SBY234 Flow and

IFM

and cooling oil)

temperature sensor

[159]

Moisture Sensor (oil)

LDH100 moisture

Pressure Transducer

51

25

54

130

105

25

44

170

228

50

60

340

IFM

411

50

44

500

Omega

450

50

87

590

465

50

87

600

sensor
Conductivity Transmitter

CDTX-2852

and Electrode (water)

Conductivity
Transmitter

Oil Condition Sensor

HLB 1400 Oil Condition

Hydaq

(Viscosity/Dielectricity)

Sensor

[160]

Metallic Particle Monitor

MCS1470 Metallic

Hydaq

2719

100

279

3100

1605

100

279

1980

Contamination Sensor
Optical Particulates

ICM Inline

MP Filtri

Monitor

Contamination Monitor

[169]

Speed Sensor

MX5050 Inductive

IFM

47

50

8

110

Omega

54

25

170

250

Omega

18

25

170

210

115

50

851

1020

speed sensor
3 Phase Current and

MFO30505A Current

Voltage Monitor

Transformer

1 Phase Current and

MFO30505A Current

Voltage Monitor

Transformer

Vibration Sensor

VNA001 Vibration

IFM

sensor
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The installation and input/output module costs per sensor are given in Table 6-9 and Table 6-10,
these are assumed for mass production. Due to the modular nature of PLC input/output modules, an
average IO cost per sensor is taken to simplify the optimisation inputs, the cost of base unit
connectors are included in the module costs.
Table 6-9 Installation Costs per Sensor

Install Cost

Cost

Description

[£]
Simple installation

25

Simple wiring, connectors, cable glands, conduit, DIN rail - e.g.
temperature sensor, pressure sensor, most 4-20mA sensors

Moderate installation

50

Relatively simple installation but more labour intensive, may require
mounting adaptor or calibration

Involved Installation

100

Involved installation, custom fittings, labour intensive, requires lengthy
calibration - e.g. strain gauges, particulates monitor
Table 6-10 Input/Output Module Costs per Sensor

Module
Analogue Input module

Example Supplier
Parmley Graham

Cost
[£]

Description

IO Cost
[£]

174

4 inputs

44

[170]
Analogue Temperature module

Parmley Graham

215

4 inputs

54

Analogue Output module

Parmley Graham

215

4 outputs

54

Digital Input module

Parmley Graham

64

8 inputs

8

Digital Output module

Parmley Graham

75

8 outputs

9

Analogue Energy Meter

Parmley Graham

170

Single or three phase

170

voltage and current inputs
RS485 module

Parmley Graham

279

1 RS232, RS422 or RS485

279

input
SIPLUS CMS2000

Parmley Graham

1702

2 accelerometer inputs

851

Detection Matrix
The detection matrix used in the optimisation algorithm is displayed in Table 6-12, construction of
this matrix is described in depth in section 4.5.1. The columns on the left list the cooling system
components and their failure modes and associated Risk Priority Numbers. The rows on the top show
the measured physical parameters, if a sensor option for the measurement of this parameter is
included in the existing portfolio (i.e. is already installed on the device), the cost of the sensor
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upgrade (including sensor, installation and IO cost) and the component the sensor is physically
installed on.
The numbers in the coloured cells of the matrix are detection rankings corresponding to the
measured parameter and failure mode in their respective columns and rows; the modified detection
rankings are described in section 4.5.2 and summarised in Table 6-11. Attributing detection rankings
from the measurement of each physical parameter by a sensor to each failure mode in this way
allows the calculation of risk reduction of a single sensor across a number of failure modes, rather
than one.
For example, the measurement of oil pump three phase power enables the prediction of the onset of
electrical motor failure by Motor Current Signature Analysis, resulting in a score of 1. In addition,
increased power consumption during pump start-up and nominal operation may help to detect the
presence of trapped air or infer a clog in the filter or hydraulic hoses, resulting in scores of 2 and 3
respectively. These scores are highlighted in Table 6-12.
Table 6-11 Detection Class Key

Class
1
2
3
4

Description
Prediction
Detection
Delayed Detection
No Indication
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2
3
2
4
3
3
3
2
2
3
4
4
3
3
4
3
3

3
3
3
4
3
3
3
3
3
3
4
4
3
3
4
3
3

3
3
3
4
3
3
3
3
3
3
4
4
3
3
4
3
3

2
3
2
4
3
3
3
2
2
4
4
4
4
4
4
4
4

2
3
2
3
3
3
3
2
2
4
4
3
4
4
4
4
4

4
4
4
2
4
4
4
4
4
4
4
2
4
4
4
4
4

4
4
4
1
4
4
4
4
4
4
4
2
4
4
4
4
4

1
4
1
4
4
4
4
1
1
4
4
2
4
4
4
4
4
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3
3
3
4
2
2
2
3
3
4
4
4
4
4
4
4
4

3
4
3
4
1
2
2
3
3
4
4
4
4
4
4
4
4

0

0

0

1

130 170 340

3
4
3
4
2
1
1
3
3
4
4
4
4
4
4
4
4

3
4
3
4
2
2
2
3
3
4
4
4
4
4
4
4
4

2
2
2
4
3
3
3
2
2
3
4
4
3
3
4
3
3

3
3
3
4
3
3
3
3
3
3
4
4
3
3
4
3
3

3
4
3
3
3
3
3
1
1
4
4
3
4
4
4
4
4

0

0

0

0

0

0

1

590 1980 110 210 1020 130

Water circuit

0

EX Seawater Temp

0

Int heat exch.

1

170

Oil pump

3
2
3
4
3
3
3
3
3
4
4
4
4
4
4
4
4

Oil circuit

1
3
2
3
4
4
4
2
2
4
4
3
4
4
4
4
4

0

0

3
3
3
4
3
3
3
3
3
3
4
4
3
3
4
3
3

3
3
3
4
3
3
3
3
3
2
4
4
3
3
4
2
2

4
4
4
4
4
4
4
4
4
1
3
2
3
3
3
1
3

4
4
4
4
4
4
4
4
4
2
4
3
3
3
4
2
3

4
4
4
4
4
4
4
4
4
2
3
2
3
3
3
2
3

4
4
4
4
4
4
4
4
4
4
2
2
4
4
2
4
4

4
4
4
4
4
4
4
4
4
1
2
2
4
4
2
1
4

4
4
4
4
4
4
4
4
4
3
4
4
2
2
4
3
3

4
4
4
4
4
4
4
4
4
3
4
4
1
2
4
3
3

0

Ext heat exch.

1

WP Temp

0

WP Vibration

0

WP 1 Phase Power

IX Oil Temp Out

0

Water pump

IX Oil Temp In ΔT

0

WP Speed

OP Temp

0

Water Particulates

OP Vibration

0

Water Conductivity

OP 3 Phase Power

0

Water Pressure

OP Speed

0

Water Flowrate

Oil Particulates

0

IX Water Pressure Drop

Oil Condition

0

IX Water temp Out ΔT

Oil Moisture

0

IX Water temp In

Oil Pressure

0

170 340 340 170 500 600 3100 110 250 1020 130 130

IX Oil Pressure Drop

Oil Flowrate

0

Thermovalve Stroke

1

0

Filter Pressure Drop

G Speed

1

Thermovalve

Failure mode
RPN
Clogged
8
Valve stuck closed
8
Clogged
9
Viscosity
8
Electrical motor failure
8
Seizing
8
Air in pump
9
Clogged oil circuit (part)
10
Clogged oil circuit (dev.)
16
Clogged water circuit (dev.)
8
Water leakage to nacelle
10
Mixing of circuits
8
Electrical motor failure
8
Seizing
8
Seawater leakage into exch. 15
Clogged water circuit (dev.)
8
Marine Growth
12

0
130

Filter

Component
Filter
Thermostat
Hydraulic hoses
Oil
Oil pump
Oil pump
Oil pump
Int heat exch.
Int heat exch.
Int heat exch.
Int heat exch.
Int heat exch.
Water pump
Water pump
Ext heat exch.
Ext heat exch.
Ext heat exch.

G Temp Out

Cost [£]

Gearbox

Existing Portfolio

G Oil Temp In ΔT

Table 6-12 Detection Matrix with Failure Modes, Instrument Portfolio and Detection Rankings

4
4
4
4
4
4
4
4
4
3
4
4
2
1
4
3
3

4
4
4
4
4
4
4
4
4
3
4
4
2
2
4
3
3

4
4
4
4
4
4
4
4
4
3
4
4
4
4
4
3
3

6.5.3 Results
Using Table 6-12 as the input detection matrix, the optimisation algorithm was run using varying risk
and cost weights of 0.40, 0.60 and 0.80 and -0.10, -0.30 and -0.50 respectively, these weights were
chosen to cause the algorithm to explore the solution space by choosing different sensor
combinations during the optimisation process; this is achieved by altering the relative significance of
the risk and cost components of the sensor score. Further exploration of risk and cost weights is
described in Appendix C. The effect of varying the risk and cost weightings on the risk reduction and
sensor cost scores is shown on Figure 6-6.

Figure 6-6 Risk versus Cost Scores by Varying Risk and Cost Weights

Recalling Equation 6-1, using increasingly positive risk weights increases the risk reduction
component of the sensor score, thereby influencing the algorithm to select sensors that reduce the
greatest amount of risk. Conversely, using increasingly negative cost weights reduces the sensor cost
component of the sensor score, thereby penalising high cost sensors by reducing their sensor score.
𝑆𝑒𝑛𝑠𝑜𝑟 𝑆𝑐𝑜𝑟𝑒 = 𝑅𝑖𝑠𝑘 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 × 𝑆𝑒𝑛𝑠𝑜𝑟 𝐶𝑜𝑠𝑡 𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡
(6-1)
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The effect of influencing the algorithm to choose higher risk reducing or more costly sensors may be
observed in the optimisation trajectory of the algorithm; at each iteration, a new instrument is
selected based on the sensor score and the current portfolio risk and cumulative upgrade cost are
calculated, this is displayed on Figure 6-7.

Figure 6-7 Optimisation Trajectory by Varying Risk and Cost Weights

On Figure 6-6, as the risk weight is increased from 0.4 to 0.6 and 0.8, the ranges of risk scores
increase from 0-5.9 to 0-14.4 and 0-35.3 respectively, these higher risk scores increase the
magnitude of the risk multiplier component of Equation 6-1, and thus increase the sensor score in
favour of high-risk reducing components.
In turn, this effect is illustrated on the trajectories of Figure 6-8. If a cost weight of -0.10 and a risk
weight of 0.80 is used, the algorithm selects the most risk-reducing sensors without regard for cost,
this is a result of the cost component of the equation being of a smaller magnitude than the risk
component, see Figure 6-7 (top-right). If decreasing risk weights of 0.60 and 0.40 are used, the
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instrument selection trajectory is shifted to the left, reflecting less emphasis on the risk reduction
component of Equation 6-1 due to the lowered risk weights, see Figure 6-7 (top-centre and top-right
respectively).
Figure 6-6 illustrates the relative distribution of risk and cost scores depending on the weights
chosen, and should be therefore used as a visual aid in conjunction with Figure 6-7 to identify the
appropriate weightings that cause the algorithm to identify the efficient frontier. To better visually
compare the optimisation trajectories and identify the efficient frontier, the optimisation trajectories
are aggregated on Figure 6-8.

Figure 6-8 Optimisation Trajectory by Varying Risk and Cost Weights – Aggregated Results

To further investigate the effect of choosing different risk and cost weight combinations, 3 portfolios
are examined in further detail; these portfolios focus on balancing risk and cost, reducing risk and
reducing cost respectively.
The optimal trajectory, known as the efficient frontier in modern portfolio theory, consists of the
combination of points that offer the minimum current portfolio risk at a given upgrade cost. In this
simulation, the efficient frontier is best represented by the trajectory using risk and cost weights of
0.80 and -0.50 respectively, see Figure 6-6 and Figure 6-7, bottom-right, this represents a balanced
approach to risk and cost optimisation. The sensors chosen for this portfolio are given in order in
Table 6-13. Practitioners who seek to install a risk-cost optimised sensor portfolio should therefore
select instrumentation in the order specified in Table 6-13.
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Table 6-13 Instrument Selection with balanced focus on Risk Reduction and Sensor Cost

Run

Selected Instrument

Current Portfolio Risk

Upgrade Cost [£]

0

Start

467

0

1

IX Oil Temperature In ΔT

416

130

2

OP Speed

391

240

3

Oil Pressure

383

410

4

IX Oil Pressure Drop

357

580

5

WP 1 Phase Power

333

790

6

IX Water Pressure Drop

317

960

7

IX Water temperature Out ΔT

305

1090

8

Water Conductivity

280

1680

9

Filter Pressure Drop

272

1850

10

Oil Condition

256

2450

11

OP 3 Phase Power

248

2700

12

OP Vibration

231

3720

13

WP Vibration

223

4740

14

Oil Particulates

214

7840

If cost is not a concern, a sensor portfolio targeting maximum risk reduction may be achieved by
encouraging risk reduction methods and placing less emphasis on instrument cost; this is done by
using a high-risk weight of 0.80 and low cost weight of -0.10, see Figure 6-6 and Figure 6-7 top-right.
This portfolio may be attractive for one-of-a-kind prototype developers whom seek to de-risk their
installation and understand prototype operational behaviour regardless of capital cost, see Table
6-14.
Table 6-14 Instrument Selection with focus on Risk Reduction, Low Emphasis on Cost

Run

Selected Instrument

Current Portfolio Risk

Upgrade Cost [£]

0

Start

467

0

1

Oil Particulates

381

3100

2

OP Vibration

339

4120

3

Water Particulates

298

6100

4

WP 1 Phase Power

274

6310

5

Oil Condition

250

6910

6

IX Water temperature Out ΔT

238

7040

7

IX Oil Temperature In ΔT

230

7170

8

OP 3 Phase Power

222

7420

9

WP Vibration

214

8440

125

Conversely, if a high emphasis is placed on cost effectiveness (cost weight -0.50), and a low emphasis
on risk (right weight 0.40), see Figure 6-6 and Figure 6-7 bottom-left, the optimisation algorithm
selects cheaper sensor options with less regard to their contribution to reducing the current portfolio
risk, see Table 6-15. In the extreme case, the algorithm would simply select sensors in order of
ascending cost, which may result in a false economy. In this simulation, the results in Table 6-15
closely follow those in Table 6-13, this implies that the installation of a variety and distribution of
cheap, simple sensors is an effective way to reduce overall portfolio risk.
Table 6-15 Instrument Selection with focus on Cost Reduction, Low Emphasis on Risk

Run

Selected Instrument

Current Portfolio Risk

Upgrade Cost [£]

0

Start

467

0

1

IX Oil Temperature In ΔT

416

130

2

OP Speed

391

240

3

WP Speed

375

350

4

IX Water temperature Out ΔT

363

480

5

Filter Pressure Drop

347

650

6

IX Water Pressure Drop

331

820

7

Oil Pressure

331

990

8

IX Oil Pressure Drop

305

1160

9

WP 1 Phase Power

297

1370

10

Water Conductivity

272

1960

11

OP 3 Phase Power

264

2210

12

Oil Condition

248

2810

13

OP Vibration

231

3830

14

WP Vibration

223

4850

15

Oil Particulates

214

7950

6.6 Proposed Instrumentation Upgrade Portfolio
This section describes how the results of the detection matrix optimisation were used to form the
basis of the proposed instrumentation upgrade portfolio.
In section 6.5, three outcomes of the detection matrix optimisation algorithm have been presented,
representing sensor selection trajectories that have an equal emphasis on, or a clear bias towards,
risk or cost reduction. This was achieved by using varying risk and cost weights to influence the
algorithms sensor scores.
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The primary objective of this case study is to prove the methodology for designing a risk and cost
optimised CMS portfolio. Therefore, the trajectory representing a balanced approach to risk and cost
optimisation, as summarised in Table 6-13, is used as the basis of the proposed instrumentation
upgrade portfolio.
The secondary objectives of the case study are to gain a better understanding of cooling system
operation and facilitate and improve data capture for use in condition monitoring. Therefore, it is
proposed to build understanding of cooling system thermodynamic behaviour by implementing the
array of low-cost temperature and pressure sensors as suggested in Table 6-13; these sensors are to
be installed on the water and oil circuits to complement existing temperature and pressure
measurement, by providing differential measurements across the heat exchangers and filter.
The understanding of the chemical properties of the working fluid is also proposed; the monitoring of
water conductivity and oil condition (dielectricity) additionally indicates the presence of
contaminants due to leakage of seawater and moisture ingress. Measurement of the working fluid
properties also allows the investigation of the effect of water and oil quality on heat transfer.
Although Table 6-13 advises the measurement of oil pump speed and water pump power
consumption, due to the timeframe available and practicalities of sensor installation, these have
been excluded from the proposed upgrade portfolio. The installation of an oil particulates monitor
was also considered to infer the condition of the gearbox by measuring the quality of the lubricating
oil at the gearbox outlet, however this was not pursued as it was considered outside the objectives of
the case study.
The resulting proposed instrumentation upgrade portfolio is aimed to strike a balance between risk
reduction by monitoring a number of high consequence and low probability failure modes, and
minimising overall sensor cost for potential future installation on commercial tidal turbines. The
proposed sensor upgrades, measurement parameters and monitoring strategies are provided in
Table 6-16, whilst the sensor installation locations are illustrated on Figure 6-9.
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Table 6-16 NM100 Cooling System Proposed Instrumentation Upgrades

ID

Component

Parameter

Sensor

Notes

10,

Oil

Oil Filter Fore

Pressure

The measurement of oil circuit pressure provides an

13

Filter

Pressure

Transducer

indication of oil circuit clogging do due debris build-up or

Circuit,

trapped air, in addition to whether the circuit is actively
circulating
13

Filter

Oil Filter Aft

Pressure

Measurement of oil pressure differential across filter to

Pressure

Transducer

measure clogging of filter over time, proxy measurement
of oil circuit particulate content.

10

3

Oil Circuit

Oil Viscosity /

Oil Condition

Investigate effect of oil quality on heat transfer,

Dielectricity

Sensor

monitoring of degradation over time.

Internal Heat

Oil

Temperature

Measurement of temperature differential across oil

Exchanger

Temperature

Sensor

circuit in internal heat exchanger, allows more accurate

Inlet

derivation of heat transfer coefficient.
3

Internal Heat

Oil

Outlet

Exchanger

Pressure

Pressure

Measurement of pressure drop across oil circuit in

Transducer

internal heat exchanger, increase may indicate clogging
or debris build up.

3

Internal Heat

Water Outlet

Temperature

Measurement of temperature differential across water

Exchanger

Temperature

Sensor

circuit in internal heat exchanger, allows more accurate
derivation of heat transfer coefficient.

4

Internal Heat

Water Outlet

Pressure

Measurement of pressure drop across water circuit in

Exchanger

Pressure

Transducer

internal heat exchanger, increase may indicate clogging
of water pipes.

9

Water/Glycol

Conductivity

Conductivity

Monitoring of ionic content of water/glycol circuit;

Circuit

water cooling

Sensor

should seawater leakage occur, the salinity of the cooling

fluid

fluid will increase.
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Figure 6-9 Gearbox Cooling System Proposed Portfolio

Sensors
The indicative gearbox cooling system sensor cost is provided on Table 6-17.
Table 6-17 Gearbox Cooling System Indicative Sensor Cost

Sensors

Example Model

Temperature

PR10 PT100

Sensor

Temperature sensor

Pressure

A-10 Pressure

Transducer

Transmitter

Conductivity

CDTX-2852

Transmitter

Conductivity

and Electrode

Transmitter

Example

Sensor

Install

IO

Supplier

Cost

Cost

Cost

Cost

[£]

[£]

[£]

[£]

Omega [1]

Quantity

Upgrade

25

25

54

2

210

Wika [2]

105

25

44

4

700

Omega

450

50

87

1

590

Hydac [3]

465

50

87

1

600

Total

2100

(water)
Oil Condition

HLB 1400 Oil
Condition Sensor
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6.7 Final Upgrade Portfolio
6.7.1 Instrumentation Upgrades
Although selected in the proposed instrumentation portfolio, due to time constraints of the T3
maintenance window and capital budget allocated to cooling system CMS upgrades, the water
conductivity sensor and oil condition sensor were excluded from the final set of implemented
upgrades. Focus instead was directed at installing low cost pressure and temperature sensors in
strategic locations in the gearbox cooling system. The final selected upgrades are highlighted on
Figure 6-10.

Figure 6-10 Cooling System CMS Upgrades (Upgrades highlighted in green).

These upgrades were integrated into an overall CMS upgrades package and installed parallel to a
number of upgrades to the TEC drivetrain. In summary, the following upgrades were implemented:
•

4 pressure sensors installed on gearbox cooling system

•

2 PT100 sensors installed on internal heat exchanger for gearbox cooling system

•

10 PT100 sensors installed on ceiling and floor of nacelle for generator cooling system

•

Strain gauges installed on low speed shaft for torque transducer

•

7 vibration sensors installed on generator, gearbox and main sealing unit
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6.7.2 Data Acquisition Architecture
System Block Diagram
Due to space constraints in the existing turbine control and power distribution systems, the data
acquisition devices responsible for the temperature, pressure, torque and vibration signals are
installed in a new independent enclosure in the turbine. Integration of the CMS enclosure within the
turbine communication network and auxiliary power system is illustrated in a system block diagram
on Figure 6-11; the enclosure is to be supplied with power and Ethernet communications via the
nacelle control and contactor enclosures.

Figure 6-11 CMS Enclosure System Block Model

Data parameters within the turbine PLC network are currently polled and stored in the onshore and
cloud databases at 2Hz, in order to facilitate a high sampling frequency for the torque transducer, the
shaft torque is connected to an SKF IMx-8 unit [171] for high speed data capture. Torque data is
polled by the PLC via Modbus at 2Hz.
Electrical Enclosure
In favour of a modular integration of sensors, the instrumentation enclosure will house a series of
M12 panel mount connectors across its base. This will enable independent assembly and installation
of the enclosure and all sensors. The M12 connectors are broken-out and installed into the data
acquisition ports available on the IMx-8 and Siemen’s remote IO units. A schematic of the
instrumentation enclosure can be seen in Figure 6-12.
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Figure 6-12 Condition Monitoring Instrumentation Enclosure

6.8 Upgrades Installation and Commissioning
This section describes the gearbox cooling system CMS upgrades installed on Turbine 3 during the
April to July 2018 maintenance interval.

6.8.1 CMS Upgrades Enclosure
The Siemens ET 200SP Remote IO unit was first mounted on the back panel of the CMS upgrades
enclosure (Figure 6-13, Left). The enclosure was subsequently wired for receiving Ethernet
communications and 24V DC power. Due to the confined nature of the cabinet, triple level terminal
blocks were used to interface with M12 connectors mounted on the gland plate, see Figure 6-13.

Figure 6-13 Data Acquisition Unit Wiring (left), M12 Connectors on Gland Plate (right)

132

The CMS upgrades enclosure was subsequently installed in the fore of the turbine on the port side of
the low speed coupling (Figure 6-14), this ensured access by maintenance personnel was still
possible.

Figure 6-14 CMS Enclosure Installation in Turbine 3 Nacelle

6.8.2 Temperature Probe Installation
In order to complement the measurement of water inlet and oil outlet temperature, RTD probes
have been installed on the water outlet and oil inlet of the internal heat exchanger to provide a
temperature differential measurement. Figure 6-15 (left) shows a PT 100 probe connected to an
extension lead terminated by an M12 connector, the PT100s are affixed to the internal heat
exchanger using a thermal epoxy compound and dressed using an insulating blanket and tape. The
probes have been commissioned using a thermocouple capable multi-meter.

Figure 6-15 PT100 Installation on Internal Heat Exchanger

6.8.3 Oil and Water Circuit Pressure Transducer Installation
Pressure transducers have been installed to internal heat exchanger water outlet (Figure 6-15) and
oil outlet (Figure 6-16), as well as to the fore and aft of the oil filter. This enables measurement of the
pressure drop across the internal heat exchanger oil and water circuits, and the pressure drop across
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the oil filter. The pressure transducers have been connected to M12 extension leads and integrated
using T-pieces and existing ports in the oil circuit. An analogue gauge has been used to calibrate the
transducers (Figure 6-16).

Figure 6-16 Pressure Transducer Installation on Gearbox Oil Circuit

6.8.4 Deployment
Shortly after the commissioning of the instrumentation, the CMS enclosure was deployed along with
Turbine 3 in the Shetland Tidal Array side in the Bluemull Sound, Shetland. Outputs from field data
analysis are presented in the following chapter.

6.9 Summary
An FMEA was conducted on the NM100 tidal turbine cooling system, this revealed a series of highconsequence, low-probability failure modes associated with the internal and external heat
exchanges, oil and water pumps and cooling circuits, thermovalve and filter. The high and medium
priority failure modes of the FMEA were used to suggest a number of methods for their detection
and condition monitoring; these methods were used to compile a detection matrix by attributing a
detection ranking to each failure mode in relation to each suggested detection method.
The optimisation algorithm, as outlined in section 4.5.1, is run using varying risk and cost weights to
influence algorithm sensor selection. Of the sensor selection trajectories taken by the algorithm, it is
observed that the efficient frontier, or combination of sensors that optimise risk and cost, is achieved
by using balanced risk and cost weightings.
To prove the detection matrix approach is able to identify the most cost-effective sensors for risk
reduction, the sensors proposed in the efficient frontier are used as the basis as a proposed
instrumentation portfolio. This instrumentation portfolio consists largely of distributed pressure and
temperature sensors, as well as an oil condition and water conductivity sensor. The latter two
sensors were excluded from the final upgrade portfolio due to project timeframe constraints.
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The proposed pressure and temperature sensors were subsequently installed on the NM100 turbine
for deployment. The final stage of the methodology is now to integrate the newly acquired data into
data-driven methods for fault detection. Chapter 7 describes the processing of torque data to
improve turbine drivetrain efficiency prediction, in turn this data is used to improve a physics-based
quasi-static model in Chapter 8. Chapters 8 and 9 integrate the newly acquired temperature and
pressure differential data to calculate heat exchanger performance and investigate if performance
degradation can be identified over a multiple-month deployment.
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7 Drivetrain Efficiency Verification to Improve Cooling System
Physical Model
7.1 Overview
This chapter details the physical modelling and measurement of the NM100 turbine drivetrain
efficiency; this quantity is used as a key input in the cooling system quasi-static model to predict
gearbox heat rejection across varying power outputs and generator shaft speeds, which is described
in Chapter 8. The rationale of this chapter is to support cooling system physical modelling by
improving the accuracy of predicting gearbox heat rejection, thereby reducing the discrepancy
between the expected and measured variable as a result of model inaccuracy and improving the
robustness of CMS abnormal behaviour detection.
Firstly, a first principles gearbox heat loss model is developed; using the turbine Tip Speed Ratio (TSR)
and Coefficient of Performance (Cp), the expected Active Line Module (ALM) power outputs and High
Speed Shaft (HSS) speeds are calculated based on the part-load efficiencies of each component in the
turbine drivetrain. In turn, gearbox heat rejection may be obtained using the mechanical power and
gearbox efficiency associated with varying power outputs and speeds.
Secondly, the output of the part load efficiency model is then compared to field data, revealing
discrepancies between the expected and measured ALM power output and HSS speed values. This
inaccuracy associated with the part-load model necessitated the installation of a torque transducer
to verify the mechanical to electrical power conversion efficiency of the drivetrain.
Next, the implementation of mechanical torque measurement equipment is described. After a period
of data collection, the measured mechanical torque data is used to calculate the efficiency of the
drivetrain, and therefore verify the part-load efficiency model. Finally, this data is used to produce a
fitted curve predicting drivetrain efficiency given HSS speed and ALM power timeseries data. This
drivetrain efficiency verification process is depicted on Figure 7-1.
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Figure 7-1 Drivetrain Efficiency Verification Process

7.2 Drivetrain Efficiency Modelling
7.2.1 Physical System Description
Gearbox heat loss depends on the gearbox mechanical power input and gearbox efficiency at a given
point in time. Gearbox efficiency data, provided by the manufacturer, can be inferred through the
gearbox Drive End (DE) input torque.
Mechanical power input may also be calculated from the gearbox DE torque, which in turn may be
derived from the output High Speed Shaft (HSS) speed and Active Line Module (ALM) power
timeseries variables by applying an efficiency for the drivetrain to account for the losses between the
gearbox and the power electronics.
The drivetrain energy conversion chain, used as the basis of the first principles model, is illustrated
on Figure 7-2. The turbine transmits captured tidal power from the rotor through the Main Sealing
Unit (MSU) to the gearbox, which in turn drives an induction generator. The generator produces
three phase electrical power which is transmitted through a subsea cable and onshore transformer
to the power electronics, consisting of a Motor Module and an Active Line Module.
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Figure 7-2 Drive Train Energy Conversion Flow Chart

The variables HSS Speed and ALM Power, highlighted in blue on Figure 7-2, are available as
timeseries data from the turbine. These variables may be used to calculate the Low Speed Shaft (LSS)
speed and gearbox DE torque, highlighted in orange on Figure 7-2, by applying the gear ratio to the
HSS speed and an appropriate drivetrain efficiency to the equivalent ALM electrical torque. The
equivalent ALM electrical torque is a quantity discussed in section 7.2.2, page 152.
Using a first-principles approach, turbine TSR and Cp inputs are used in conjunction with the
theoretical behaviour of the drivetrain components to calculate the expected ALM power output and
HSS speed given an input tidal flow. In turn, drivetrain efficiency at a given equivalent ALM electrical
torque is used to calculate gearbox DE torque at a given HSS speed and ALM power. The
development of this model is described in full in section 7.2.2.

7.2.2 Part-Load Efficiency Model
This section describes each step of energy conversion across the turbine drivetrain in sequence.
Rotor Mechanical Power
The first input of the model is the rotor speed and mechanical power, this is dependent on the Tip
Speed Ratio (TSR) and Coefficient of Performance (Cp) of the rotor blades. The TSR and Cp values for
the NM100 turbines are taken from internal design files [172] and plotted on Figure 7-3. This shows
the turbine cut-in tidal speed of 0.6m/s and the adjusted TSR to maintain a maximum High Speed
Shaft (HSS) speed of 1550rpm and maximum Active Line Module (ALM) power of 100kW.
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Figure 7-3 TSR and Cp versus Flow Velocity

Angular velocity of the Low Speed Shaft (LSS) may then be calculated using Equation 7-1.
𝜔𝐿𝑆𝑆 = 𝑇𝑆𝑅 ∗ 𝑢𝑡𝑖𝑑𝑒 ∗ 𝐷𝑟𝑜𝑡𝑜𝑟
(7-1)
𝜔𝐿𝑆𝑆 = Angular Velocity of Low Speed Shaft [rad/s]
𝑇𝑆𝑅 = Tip Speed Ratio
𝑢𝑡𝑖𝑑𝑒 = Tidal velocity [m/s]
𝐷𝑟𝑜𝑡𝑜𝑟 = Rotor diameter [m] = 9m
Input rotor mechanical power is given by Equation 7-2, derived from actuator disc theory [173].
𝑃𝑟𝑜𝑡𝑜𝑟 =

3
𝜌𝐴𝑢𝑡𝑖𝑑𝑒
𝐶𝑝
2

(7-2)
𝑃𝑟𝑜𝑡𝑜𝑟 = Rotor mechanical power [W]
𝜌= Density of seawater [kg/m3] = 1025 [kg/m3]
𝐴 = Rotor swept area [m2] =

2
𝜋𝐷𝑟𝑜𝑡𝑜𝑟
4

𝐶𝑝 = Coefficient of Performance
Main Sealing Unit and Bearings
The NM100 uses a Main Sealing Unit (MSU) and bearings to maintain watertight integrity within the
nacelle, losses introduced by the MSU are due to friction caused by the bearings and seals. The
equation to calculate the total frictional power loss is given by the supplier SKF [174], and requires
knowledge of the total frictional moment and shaft rotational speed, see Equation 7-3.
𝑃𝑙𝑜𝑠𝑠 𝑏𝑒𝑎𝑟𝑖𝑛𝑔𝑠 = 0.105𝑀𝑓𝑟𝑖𝑐𝑡𝑖𝑜𝑛 𝑛𝐿𝑆𝑆
(7-3)
𝑃𝑙𝑜𝑠𝑠 𝑏𝑒𝑎𝑟𝑖𝑛𝑔𝑠 = Power loss in bearings [W]
𝑀𝑓𝑟𝑖𝑐𝑡𝑖𝑜𝑛 = Total frictional moment [Nm]
60

𝑛𝐿𝑆𝑆 = Rotational speed of Low Speed Shaft [rpm]= 𝜔𝐿𝑆𝑆 ∗ 2𝜋
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The total frictional moment is determined by the contribution of rolling, sliding, seal and drag
frictional moments, given in Equation 7-4.
𝑀𝑓𝑟𝑖𝑐𝑡𝑖𝑜𝑛 = 𝑀𝑟𝑟 + 𝑀𝑠𝑙 + 𝑀𝑠𝑒𝑎𝑙 + 𝑀𝑑𝑟𝑎𝑔
(7-4)
𝑀𝑟𝑟 = Rolling frictional moment [Nm]
𝑀𝑠𝑙 = Sliding frictional Moment [Nm]
𝑀𝑠𝑒𝑎𝑙 = Frictional moment of seals [Nm]
𝑀𝑑𝑟𝑎𝑔 = Frictional moment from drag losses [Nm]
The rolling 𝑀𝑟𝑟 and sliding 𝑀𝑠𝑙 frictional moments are calculated using the SKF Bearing Calculator
[175], which is based upon empirical relationships of lubrication, operating temperature, shaft
rotational speed and the contribution of axial and radial thrust forces, see Figure 7-4. A
representative bearing model 30244/DF is chosen due to similar physical dimensions and dynamic
and static load ratings of 𝐶 = 1816𝑘𝑁 and 𝐶0 = 2800𝑘𝑁 respectively.

Figure 7-4 Bearing Axial and Radial Thrust Forces

The stationary inputs are given in Table 7-1, whilst the calculation of axial thrust is taken from rotor
actuator disc theory [4], see Equation 7-5.
Table 7-1 SKF Bearing Calculator Inputs

Parameter

Value

Operating Temperature 18 oC
Lubricant

LGEP High Pressure Grease [176]

Viscosity @ 40 oC

200 mm2/s

Viscosity @ 100 oC

16 mm2/s

𝐹𝑎𝑥𝑖𝑎𝑙

2
𝜌𝐴𝑢𝑡𝑖𝑑𝑒
𝐶𝑡
=
2

(7-5)
The derivation of radial thrust arises from the bending moment caused by a single blade when the
rotor is vertical, resulting from the imbalance between one blade shaded by the turbine tower and
one blade exposed to the free stream tidal flow. CFD analysis on the early NM100 turbine prototypes
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reveals a ratio of 0.75 of axial thrust to radial thrust while operating within the linear Tip Speed Ratio
region, beyond this point, as the turbine is operated at lower coefficients of performance to maintain
a steady power output, this ratio decreases to approximately 0.60. As a conservative assumption, a
constant value of 0.75 is taken to model the radial thrust force, given in Equation 7-6. Taking a
constant value in this way does not severely impact the model as the resulting rolling and sliding
friction is not significant.
𝐹𝑟𝑎𝑑𝑖𝑎𝑙 = 0.75𝐹𝑎𝑥𝑖𝑎𝑙
(7-6)
Due to the nature of the lubricant method, no drag losses are taken, thus 𝑀𝑑𝑟𝑎𝑔 = 0𝑁𝑚. Lastly, the
frictional moment of the seals is calculated using an empirical relationship given by Equation 7-7
[174]. The resulting value is multiplied by 5 to account for the number of seals installed on the MSU.
𝛽

𝑀𝑠𝑒𝑎𝑙 = 𝐾𝑆1 𝑑𝑠 + 𝐾𝑆2
(7-7)
𝐾𝑆1 = Constant depending on seal and bearing type = 0.032
𝑑𝑠 = Seal counterface diameter [mm] = 476mm
𝛽 = Exponent depending on seal and bearing type = 2
𝐾𝑆2 = Constant depending on seal and bearing type = 50
Finally, the increase of axial and radial thrust and the resulting variation of bearing (rolling and
sliding) friction and seal friction with tidal velocity is displayed on Figure 7-5.

Figure 7-5 Turbine Thrust Forces and Bearing Friction with Tidal Velocity

The resulting power loss from the MSU due to bearing and seal friction begins at approximately 40W
at 0.6m/s and peaks at approximately 250W at the rated speed of 2.2m/s, thereafter decreasing as
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the turbine enters the stall control region. The power output from the MSU to the drive end of the
gearbox is given by Equation 7-8.
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 = 𝑃𝑟𝑜𝑡𝑜𝑟 − 𝑃𝑙𝑜𝑠𝑠 𝑏𝑒𝑎𝑟𝑖𝑛𝑔𝑠
(7-8)
Gearbox
The NM100 uses a 2-planetary stage and 1-helical stage gearbox, with characteristics in Table 7-2.
The nominal efficiency of the NM100 gearbox is provided at 96% at a rated speed of 24.83rpm and a
rated Drive End (DE) torque of 50kNm [177].
Table 7-2 NM100 Gearbox Specifications [177]

Parameter

Value

Model

Siemens Planurex P2SB13

Rated Power 𝑷𝒈𝒆𝒂𝒓 𝒓𝒂𝒕𝒆𝒅

130 kW

Stages

3: 2 planetary, 1 helical

Gear Ratio 𝒓𝒈𝒆𝒂𝒓𝒃𝒐𝒙

78.83

Nominal DE Torque

50.00 kNm

Nominal DE Speed

24.83 rpm

Efficiency at Rated Power 96%
Gearbox efficiency data has also been provided by the manufacturer, which predicts gearbox
efficiency at a range of input Low Speed Shaft (LSS) speeds and gearbox DE torque combinations, see
Table 7-3 [178].
Table 7-3 Manufacturer Gearbox Efficiency Data [178]

Gearbox Efficiency [%]

LSS Speed [rpm]
10

15

20

25

27

5.7 0.68
10.2
Gearbox DE Torque [kNm]

18.1

0.82
0.89

27.9

0.93

32.9

0.94

42.1

0.95

56.8

0.96

As observed on Table 7-3, the manufacturer efficiency data shows that HSS speed cannot be the sole
predictor of gearbox efficiency, as for the same speeds efficiency may vary depending on gearbox DE
torque; for example, a speed of 20rpm may result in efficiencies of 89% and 96%. Gearbox efficiency
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may therefore be predicted better with mechanical torque, which does not show ambiguity in
efficiency prediction. The gearbox efficiency data provided by the manufacturer was given for a
gearbox of identical size, rated output power and rated torque but a different gear ratio to the
NM100 gearbox; the gear ratio in the NM100 turbine is 78.8 whilst the alternative model is 59.9.
As the efficiency is torque-dependent, one method of applying the alternative gearbox model data to
the NM100 gearbox is to normalise the torque-efficiency curve with respect to the rated torque of
the gearbox. As the rated torque of the gearboxes are identical, the efficiency values have not been
scaled; it is assumed that the contribution of speed to gearbox efficiency may be ignored due to the
resulting similarly of gearbox NDE speed-torque curves in Figure 7-7. A fourth order polynomial fit is
therefore applied to the manufacturer efficiency data, producing Figure 7-6.

Figure 7-6 Gearbox Efficiency versus Torque fit to Manufacturer Data.

The efficiency of the gearbox may now be calculated from the polynomial fit using the gearbox DE
torque, to obtain this, the MSU power output is divided by the angular speed of the Low Speed Shaft
(LSS), as given in Equation 7-9.
𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 =

𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸
𝜔𝐿𝑆𝑆
(7-9)

𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 = Gearbox Drive End Torque [Nm]
Gearbox output power may thus be calculated using Equation 7-10.
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑁𝐷𝐸 = (𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 ∗ 𝜔𝐿𝑆𝑆 ) ∗ 𝜂𝑔𝑒𝑎𝑟𝑏𝑜𝑥
(7-10)
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑁𝐷𝐸 = Gearbox Non-Drive End Power [kW]
𝜂𝑔𝑒𝑎𝑟𝑏𝑜𝑥 = Gearbox efficiency [%]
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The resulting part-load model HSS speed and gearbox Non-Drive End (NDE) torque curve is compared
to the manufacturer data in order to observe the similarity of the speed-torque relationships on the
output shaft of the gearbox. Firstly, the HSS speed is obtained by converting the LSS angular velocity
to rotations per minute and multiplying this by the gear ratio, given in Equation 7-11.
𝑛𝐻𝑆𝑆 = 𝜔𝐿𝑆𝑆 ∗

2𝜋
∗𝑟
60 𝑔𝑒𝑎𝑟𝑏𝑜𝑥
(7-11)

𝑛𝐻𝑆𝑆 = Rotational speed of High Speed Shaft [rpm]
𝑟𝑔𝑒𝑎𝑟𝑏𝑜𝑥 = Gear ratio = 78.827
Next, the gearbox NDE torque may be calculated by applying the gearbox efficiency to the gearbox
DE torque, see Equation 7-12.
𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑁𝐷𝐸 = 𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 ∗ 𝜂𝑔𝑒𝑎𝑟𝑏𝑜𝑥
(7-12)
𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑁𝐷𝐸 = Gearbox Non-Drive End Torque [Nm]
The resulting part-load model HSS speed and gearbox NDE torque curve is shown on Figure 7-7, in
contrast to the manufacturer data.

Figure 7-7 Gearbox Non-Drive End Speed-Torque Curve. Part-Load Model vs. Manufacturer Data.

As seen on Figure 7-7, the part-load model and manufacturer data speed-torque curve are not an
identical match, necessitating in-field verification. Nonetheless, the manufacturer data is favoured
over alternative methods of gearbox efficiency prediction as it is the closest approximation of the
NM100 gearbox due to similarity of manufacture. Other methods investigated, such as the DNV GL
empirical model, have been found to over-predict gearbox efficiency at peak power output, and
reference input power rather than input torque. Thus, the Siemens manufacturer efficiency data is
accepted on a cautionary basis with a view of verifying the gearbox performance with field data.
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Generator
The NM100 uses a 160kW squirrel cage induction generator, with characteristics in Table 7-4.
Table 7-4 NM100 Siemens 160kW Generator Specifications [179]

Parameter

Value

Model

MV Series 1LA4310-4AN00-Z

Rated Power 𝑷𝒏𝒐𝒎

160 kW

IEC Efficiency Class

3

Rated Voltage 𝑽𝒈𝒆𝒏 𝒓𝒂𝒕𝒆𝒅

3300 V

Rated Current 𝑰𝒈𝒆𝒏 𝒓𝒂𝒕𝒆𝒅

36.0 A

Nominal Speed 𝒏𝒈𝒆𝒏 𝒏𝒐𝒎

1419 rpm

Nominal Torque 𝝉𝒈𝒆𝒏 𝒏𝒐𝒎

1143 Nm

Power Factor at Nominal Load 0.78
Efficiency at Nominal Load

94.2%

Part load efficiency and power factor ratings are given by the manufacturer at varying loadings, Table
7-5. The generator conforms to IEC 60034-30-2009 standards for IE3 premium efficiency [180].
Table 7-5 NM100 Siemens 160kW Generator Partial Load Data

Motor Load 𝑷/𝑷𝒏𝒐𝒎

1.25

1.00

0.75

0.50

Efficiency 𝜼 [%]

93.9

94.2

94.1

93.2

Power Factor cos 𝝋

0.80

0.78

0.74

0.64

As the manufacturer data provided is of insufficient resolution for modelling the part load efficiency
of the drivetrain under motor loads of 50%, operational datasets for a generic, large premium
efficiency induction motor are used to derive efficiency and power factor estimates as a function of
motor load and full load current respectively, see Figure 7-8 and Table 7-6.

Figure 7-8 Percent of Full Load Induction Motor Efficiency as a Function of Motor Load [181]
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Table 7-6 Induction Motor Power Factor as a Function of Motor Load [182]

% Full load [%]

125

100

75

50

25

5

0

PF

0.86

0.84

0.8

0.73

0.55

0.26

0.17

As the efficiency data provided by Figure 7-8 is a percent of full load efficiency, data obtained from
the graph at intervals of 5% motor load are multiplied by the peak efficiency of the Siemens 160kW
induction generator (Table 7-5) to obtain the Siemens 160kW generator part load efficiency values,
obtaining the fitted efficiency curve on Figure 7-9. Part load efficiency may thus be calculated using a
fitted fourth order polynomial.
Similarly, the part load power factor data provided by Table 7-6 is scaled in proportion to the
Siemens 160kW generator peak power factor using Equation 7-13, obtaining the fitted power factor
curve on Figure 7-9. Part load power factor may then be approximated using the fourth-order
polynomial fit displayed in the Figure 7-9.
𝑃𝐹𝑆𝑖𝑒𝑚𝑒𝑛𝑠 160𝑘𝑊 𝑝𝑎𝑟𝑡 =

𝑃𝐹𝐼𝐸3 𝑝𝑎𝑟𝑡
∗ 𝑃𝐹𝑆𝑖𝑒𝑚𝑒𝑛𝑠 160𝑘𝑊 𝑝𝑒𝑎𝑘
𝑃𝐸𝐼𝐸3 𝑝𝑒𝑎𝑘
(7-13)

𝑃𝐹𝑆𝑖𝑒𝑚𝑒𝑛𝑠 160𝑘𝑊 𝑝𝑎𝑟𝑡 = Siemens 160kW generator part load power factor
𝑃𝐹𝐼𝐸3 𝑝𝑎𝑟𝑡 = IE3 premium motor part load power factor
𝑃𝐹Siemens 160kW peak = Siemens 160kW generator peak power factor = 0.80
𝑃𝐹𝐼𝐸3 𝑝𝑒𝑎𝑘 = IE3 premium motor peak power factor = 0.86

Figure 7-9 Fitted Efficiency and Power Factor Curves to NM100 Generator Partial Load Data

Finally, motor load must be calculated according to the operational speed-torque curve of the
turbine. Percent of full motor load is calculated as the product of percentage nominal torque and
percentage nominal speed, using Equation 7-14.
𝐿𝑜𝑎𝑑% 𝑓𝑢𝑙𝑙 = 𝑛𝑔𝑒𝑛 % 𝑛𝑜𝑚 ∗ 𝜏𝑔𝑒𝑛 % 𝑛𝑜𝑚
(7-14)
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𝐿𝑜𝑎𝑑% 𝑓𝑢𝑙𝑙 = Motor load [%]
𝑛𝑔𝑒𝑛 % 𝑛𝑜𝑚 = Generator speed as a percentage of nominal [%]

𝜏𝑔𝑒𝑛 % 𝑛𝑜𝑚 = Generator torque as a percentage of nominal [%]
Percentage nominal speed is calculated using the HSS speed and nominal generator speed using
Equation 7-15.
𝑛𝑔𝑒𝑛 % 𝑟𝑎𝑡𝑒𝑑 =

𝑛𝐻𝑆𝑆
𝑛𝑔𝑒𝑛 𝑛𝑜𝑚𝑖𝑛𝑎𝑙
(7-15)

Percentage full load current is assumed equal to percentage nominal torque, as delivered by the High
Speed Shaft to the drive end of the generator, and is calculated using Equation 7-16. The generator
DE torque is equal to the gearbox NDE torque
𝜏𝑔𝑒𝑛 % 𝑟𝑎𝑡𝑒𝑑 =

𝜏𝑔𝑒𝑛 𝐷𝐸
𝜏𝑔𝑒𝑛 𝑛𝑜𝑚𝑖𝑛𝑎𝑙
(7-16)

𝜏𝑔𝑒𝑛 𝐷𝐸 = Generator drive end torque [Nm] = 𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑁𝐷𝐸
The resulting motor load, efficiency and power factor curve is given by Figure 7-10.

Figure 7-10 NM100 Generator Efficiency and Power Factor

Generator power output may be calculated by applying the efficiency of the generator to the
gearbox power output, Equation 7-17.
𝑃𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 = 𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 ∗ 𝜂𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟
(7-17)
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Subsea Cable
The three phases of the generator are connected directly to a 1km subsea cable to an onshore
substation containing the power electronics. Power loss in each phase due to cable resistance is
determined by Equation 7-18.
𝑃𝑙𝑜𝑠𝑠 𝑐𝑎𝑏𝑙𝑒 = 𝐼𝑡𝑟𝑎𝑛𝑚𝑖𝑠𝑠𝑖𝑜𝑛 2 𝑅𝑐𝑎𝑏𝑙𝑒 ∗ 3
(7-18)
𝑃𝑙𝑜𝑠𝑠 𝑐𝑎𝑏𝑙𝑒 = Power Loss Subsea Cable [VA]
𝐼𝑡𝑟𝑎𝑛𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = Transmission Current [A]

𝑅𝑐𝑎𝑏𝑙𝑒 = Cable Resistance [Ω] = 0.53Ω/km * 1km = 0.53Ω [172]
To obtain transmission current, transmission voltage is first obtained using HSS speed and generator
rated voltage, assuming that rated voltage is proportional to the nominal speed of the generator.
𝑉𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =

𝑛𝐻𝑆𝑆
𝑛𝑔𝑒𝑛 𝑛𝑜𝑚

∗ 𝑉𝑔𝑒𝑛 𝑟𝑎𝑡𝑒𝑑
(7-19)

𝑉𝑡𝑟𝑎𝑛𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = Transmission Voltage [V]
Transmission current in each phase may then be calculated using transmission voltage and generator
output power, assuming each phase is balanced, using Equation 7-20.
𝐼𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =

𝑃𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟
√3 ∗ 𝑉𝑡𝑟𝑎𝑛𝑚𝑖𝑠𝑠𝑖𝑜𝑛 ∗ 𝑃𝐹𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟
(7-20)

Power delivered by the subsea cable is given by Equation 7-21, subsea cable efficiency is given in
Equation 7-22.
𝑃𝑐𝑎𝑏𝑙𝑒 = 𝑃𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 − 𝑃𝑙𝑜𝑠𝑠 𝑐𝑎𝑏𝑙𝑒
(7-21)
𝜂𝑐𝑎𝑏𝑙𝑒 =

𝑃𝑐𝑎𝑏𝑙𝑒
𝑃𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟
(7-22)

Transformer
A delta type transformer steps the transmission current down for input into the power electronics
motor module, with characteristics in Table 7-7.
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Table 7-7 NM100 Transformer Specifications [183]

Parameter

Value

Nominal Rated Power

200 kVA

Turns Ratio

𝑵𝒑

6:1

𝑵𝒔

Primary Winding
Nominal Voltage 𝑽𝒑𝒓𝒊𝒎𝒂𝒓𝒚 𝒏𝒐𝒎

3.0 kV

Connection

Delta

Secondary Winding
Nominal Voltage 𝑽𝒔𝒆𝒄𝒐𝒏𝒅𝒂𝒓𝒚 𝒏𝒐𝒎

0.5 kV

Connection

Delta

No Load Loss 𝑷𝟎

900 W

Full Load Loss 𝑷𝒌 𝒇𝒖𝒍𝒍

2400 W @ 75oC

Transformer power output is governed by no load and part load losses, calculated using Equation
7-23.
𝑃𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 = 𝑃𝑐𝑎𝑏𝑙𝑒 − 𝑃0 − 𝑃𝑘 𝑝𝑎𝑟𝑡
(7-23)
Where no load loss 𝑃0 is given by Table 7-7 and part load loss 𝑃𝑘 𝑝𝑎𝑟𝑡 , caused by resistive losses in the
primary and secondary windings, may be calculated as the ratio of 𝐼 2 𝑅 losses at part load to full load
multiplied by the full load loss 𝑃𝑘 𝑓𝑢𝑙𝑙 , Equation 7-24. As the resistances of the primary and secondary
windings apply to both part and full load 𝐼 2 𝑅 terms, the 𝑅 components cancel.
𝑃𝑘 𝑝𝑎𝑟𝑡 =

2
𝐼𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟
𝑝𝑎𝑟𝑡
2
𝐼𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟
𝑓𝑢𝑙𝑙

∗ 𝑃𝑘 𝑓𝑢𝑙𝑙
(7-24)

Full load current into the primary windings of the transformer is given by Equation 7-25.
𝐼𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 𝑓𝑢𝑙𝑙 =

𝑃𝑘 𝑓𝑢𝑙𝑙
√3 ∗ 𝑉𝑝𝑟𝑖𝑚𝑎𝑟𝑦 𝑛𝑜𝑚
(7-25)

Part load current into the primary windings may be calculated from the transmission voltage and
subsea cable power output, Equation 7-26.
𝐼 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 𝑝𝑎𝑟𝑡 =

𝑃𝑐𝑎𝑏𝑙𝑒
√3 ∗ 𝑉𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 ∗ 𝑃𝐹
(7-26)
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Power Electronics
Power delivered by the transformer secondary windings is input to the Motor Module (MM) of the
variable frequency drive, transmitted over a DC bus to an Active Line Module (ALM) and exported to
the grid as 3 phase electrical power. In lieu of thorough manufacturer efficiency data across a
spectrum of operational speed and torque, an empirical model referencing current and power is
fitted to field data obtained from Power Electronics testing during the Nova TIPA project [184].
2
2
2
2
𝑃𝑙𝑜𝑠𝑠 𝑃𝐸 = (𝐼𝑃𝐸 𝑐1 + 𝐼𝑃𝐸
𝑐2) + (𝑐3 + 𝐼𝑃𝐸 𝑐4 + 𝐼𝑃𝐸
𝑐5)𝑃𝑀𝑀 𝑖𝑛 + (𝑐6 + 𝐼𝑃𝐸 𝑐7 + 𝐼𝑃𝐸
𝑐8)𝑃𝑀𝑀
𝑖𝑛

(7-27)
𝐼𝑃𝐸 = Power Electronics Line Current [A]
𝑃𝑀𝑀 𝑖𝑛 = Power transferred to Motor Module [W] = 𝑃𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟
Table 7-8 Power Electronics Empirical Model Coefficients [184]

Parameter Value
c1

3.57E-02

c2

-1.36E-04

c3

-1.37E-02

c4

-3.69E-04

c5

2.55E-06

c6

4.67E-04

c7

-7.58E-07

c8

-6.70E-09

The power electronics line current is calculated using the transformer output power and power
electronics line voltage, Equation 7-28.
𝐼𝑃𝐸 =

𝑃𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟
√3 ∗ 𝑉𝑃𝐸 ∗ 𝑃𝐹
(7-28)

The power electronics line voltage is equal to the transformer secondary windings voltage, which is
calculated by dividing the transformer primary windings voltage by the turns ratio. As the primary
windings voltage is equal to the subsea cable transmission voltage, Equation 7-29 is used.
𝑉𝑃𝐸 =

𝑉𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛
𝑵𝒑
𝑵𝒔
(7-29)

Power output from the Active Line Module (ALM) may finally be calculated from Equation 7-30.
𝑃𝐴𝐿𝑀 = 𝑃𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 − 𝑃𝑙𝑜𝑠𝑠 𝑃𝐸
(7-30)
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Drivetrain Efficiency Plot
In the part-load model, the ALM power (𝑃𝐴𝐿𝑀 ) and HSS speed (𝑛𝐻𝑆𝑆 ) variables may be used to
calculate the equivalent ALM electrical torque, this quantity corresponds to varying drivetrain
efficiencies calculated across the tidal flow. The equivalent ALM electrical torque is essentially a
theoretical quantity of the Active Line Module power electronics drive and may be calculated using
Equation 7-31. The drivetrain efficiency, from the mechanical input power transferred from the MSU
to the gearbox through to the ALM power output, is given in Equation 7-32.
𝜏𝐴𝐿𝑀 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑎𝑙 =

𝑃𝐴𝐿𝑀
𝜔𝐻𝑆𝑆
(7-31)

2𝜋

Where 𝜔𝐻𝑆𝑆 = 𝑛𝐻𝑆𝑆 ∗ 60 [rad/s]
𝜂𝑑𝑟𝑖𝑣𝑒𝑡𝑟𝑎𝑖𝑛 =

𝑃𝐴𝐿𝑀
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸

= 𝜂𝑔𝑒𝑎𝑟𝑏𝑜𝑥 ∗ 𝜂𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝜂𝑐𝑎𝑏𝑙𝑒 ∗ 𝜂𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 ∗ 𝜂𝑃𝐸
(7-32)

The final drivetrain efficiency plot, showing all drivetrain component efficiencies and the combined
drivetrain efficiency, is provided on Figure 7-11. The plot shows relatively low part-load efficiencies at
an equivalent ALM electrical torque under 10kNm, particularly due to the efficiency of the generator.
Part load efficiency rapidly increases above 80% beyond an equivalent ALM electrical torque of
300Nm.

Figure 7-11 Drivetrain Efficiency versus Equivalent Electrical Torque

By fitting a curve to the total drivetrain efficiency in Figure 7-11, the drivetrain efficiency may be
predicted using electrical torque calculated from the HSS speed and ALM power variables in a
timeseries dataset. The gearbox DE torque may now be calculated by applying the drivetrain
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efficiency to the equivalent ALM electrical torque and multiplying this value by the gearbox gear
ratio, see Equation 7-33.
𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 =

𝜏𝐴𝐿𝑀 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑎𝑙
∗ 𝑟𝑔𝑒𝑎𝑟𝑏𝑜𝑥
𝜂𝑑𝑟𝑖𝑣𝑒𝑡𝑟𝑎𝑖𝑛
(7-33)

Using the gearbox DE Torque versus gearbox efficiency fit on Figure 7-6, the gearbox efficiency may
be obtained. Gearbox heat loss may now be determined by calculating the gearbox DE input power
and applying the gearbox efficiency to this quantity.
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 =

𝑃𝐴𝐿𝑀
𝜂𝑑𝑟𝑖𝑣𝑒𝑡𝑟𝑎𝑖𝑛
(7-34)

𝑄𝑙𝑜𝑠𝑠 𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑝𝑎𝑟𝑡−𝑙𝑜𝑎𝑑 = (1 − 𝜂𝑔𝑒𝑎𝑟𝑏𝑜𝑥 ) ∗ 𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸
(7-35)
The part-load model outputs are next compared field data in section 7.2.3.

7.2.3 Model Comparison to Field Data
A representative Spring tide of operation versus 100kW power generation was used to compare the
expected HSS speed and ALM power derived from the part-load model to field data, in order to verify
the accuracy of the part-load model.
In a single tide, the turbine operates using three distinct control strategies; linear Tip-Speed-Ratio
(TSR), speed cap and power cap control. In the linear TSR region, the turbine is run at a constant TSR
and optimal Cp, the turbine operates in this region until the maximum speed of the HSS is reached.
The turbine continues to operate at the maximum HSS speed, 1550rpm, until rated power, 100kW, is
produced. In this region the turbine is thereafter throttled to produce an average of 100kW.
Changepoint analysis was used to classify the different operating states of the turbine in order to fit
curves to the three operating regions, this method is demonstrated in [112]. The changepoint
analysis was applied to the HSS speed, ALM power and equivalent ALM electrical torque; the results
of the changepoint analysis are shown on Figure 7-12.
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Figure 7-12 Changepoint Analysis Results

As observed on Figure 7-12, the changepoints analysis reveals that the standard deviation of the HSS
speed variable is best used for indicating operational fluctuation. Based upon the mean and
interquartile ranges of the HSS speed, ALM power and electrical torque variables, the changepoint
windows may be classified by control system state, see Figure 7-13 (left). Fourth order polynomials
are fitted to the TSR and power cap data to allow for electrical torque calculation, see Figure 7-13
(right).

Figure 7-13 Control System State Classification by Changepoint Analysis (left), Polynomial Curves Fitted to Data (right).
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On Figure 7-13 (left), the classification is not perfect, as there is some overlap between each control
system state; operation within the speed cap region may shift momentarily to the power cap region
and back. Therefore, the bi-square robust fit approach is used to remove the effect of outliers on the
fitted data. Fourth order polynomials are fitted to the TSR region and Power Cap data, whilst the
mean value of the Speed Cap data of 1559rpm is taken to represent this region, displayed on Figure
7-13 (right). These curves are then compared to the part-load efficiency model ALM power and HSS
speed outputs, displayed in Figure 7-14.

Figure 7-14 ALM Power and HSS Speed Comparison: Part-Load Model versus Field Data

On Figure 7-14, the part-load model shows relatively good agreement with field data for the
prediction of HSS speed and ALM power at the turbine’s rated power output (100kW) and speed
(1550rpm). However, within the linear TSR control region, the part-load model predicts lower part
load drivetrain efficiencies, deviating from field data by approximately 5-6kW.
This may be partially attributed to inaccuracies of the low load efficiencies predicted for the
generator, which uses lower power motor data as a reference to scale efficiency values; the ratio of
magnetisation losses to output power is higher for smaller motors at low loads, causing lower
predicted efficiencies for larger motors at part-load. The power electronics accuracy may also be an
issue, as the empirical model is fitted to data from an alternate VFD model.

7.2.4 Model Output
The heat rejected by the gearbox, calculated using the part-load model, is computed for the example
timeseries displayed on Figure 7-12. The predicted heat rejection and drivetrain and gearbox
efficiencies throughout the tide are displayed on Figure 7-15 and Figure 7-16 respectively.
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Figure 7-15 Heat Rejected by the Gearbox as Predicted by the Part-Load Model

On Figure 7-15, from turbine start-up, the heat rejection rises beyond 4kW in the beginning 45
minutes of operation, producing up to 5.5kW during turbine peak power output. Over the 262minute period of turbine operation, gearbox heat rejection is greater than to 4kW 55% of the time,
and above 5kW 23% of the time. This implies a substantial load on the gearbox cooling system
throughout this Spring tide. On Figure 7-16, the drivetrain efficiency as predicted by the part-load
model is shown.

Figure 7-16 Drivetrain Efficiency as Predicted by the Part-Load Model

On Figure 7-16, the part-load model predicts a steady peak drivetrain efficiency of 86.0% through the
power cap region of the turbine operation. Turbine efficiency during start-up and shut-down
procedures is shown to fluctuate greatly due to the low part-load loading during the linear TSR
control region.
Overall, the part-load model appears to provide a reasonable prediction of drivetrain efficiency,
however the uncertainty surrounding the generator and power electronic efficiency inputs reduce
confidence in these predictions. Additionally, the part-load model does not display efficiencies when
the net power production is negative, due to the difficulty of predicting power consumption when
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the turbine is motoring. As turbine motoring only occurs for 5 to 10-minute periods in the tide, this is
not an important issue.
In light of the inaccuracies associated with modelling the turbine drivetrain, the installation of a
torque transducer on the Low Speed Shaft of an NM100 turbine is proposed. This will provide a
measurement of gearbox DE mechanical torque, and therefore a means to calculate the mechanical
to electrical conversion efficiency of the NM100 drivetrain throughout different operating points in
the tide.
The installation of a torque transducer for the measurement of gearbox DE mechanical torque is
described in section 7.3. The data obtained from the torque transducer is used to provide a
measurement of drivetrain mechanical to electrical conversion efficiency in section 7.4. Finally, the
output efficiency model, used in predicting gearbox heat rejection in Chapter 8, is provided in section
7.4.

7.3 Torque Transducer Installation and Commissioning
A non-invasive torque transducer installation was deemed most appropriate for the turbine due to
the high torques delivered by the low speed shaft. The torque transducer consisted of two full-bridge
strain gauges epoxied 45 degrees to the axis of the low speed shaft, providing a point measurement
of torsion and measurement redundancy. Strain gauge excitation and measurement is conducted by
electronics embedded into a magneto-inductive rotating belt attached to the shaft, see Figure 7-17
(left).
Power is delivered to the rotating belt by a stationary stator post mounted to the Main Sealing Unit
(MSU), see Figure 7-17 (right). The stator post also houses electronics that communicate wirelessly
with the belt. In turn, readings from the strain gauges are transmitted via serial protocol to a remote
input/output system, see Figure 7-18 (left).

Figure 7-17 Torque Transducer Installation on Low Speed Shaft, (left) Rotating Belt and (right) Stator Post shown.
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To calibrate the transducer, a strain gauge simulator was used to provide known variable resistances
to the electronics in the rotating belt, which transmitted live measurements via the stator post to the
remote input/output unit. This allowed verification of the strain gauge readings, see Figure 7-18
(left).
Subsequently, using a cantilever beam and crane, the torque transducer was calibrated by comparing
torsion readings to a moment applied by a crane and in-line tension load cell, see Figure 7-18 (right).
These values were used to adjust the calibration factor applied to the strain gauge readings.

Figure 7-18 Torque Transducer Commissioning using (left) Strain Gauge Simulator and (right) Cantilever Beam Lift

Finally, the new readings from the torque transducer were integrated within the turbine data
capture and storage routine, allowing for the live feed of turbine data once reinstalled in the
Shetland Tidal Array.

7.4 Measured Drivetrain Efficiency
LSS measured mechanical torque data was obtained across a tidal window featuring turbine
operation up to rated power production, an excerpt of this data is shown on Figure 7-19. The data
show that a gearbox DE torque of approximately 80kN occurs during peak power production at
100kW.
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Figure 7-19 Timeseries Data with LSS Measured Torque

By applying the gearbox gear ratio to the HSS speed, the LSS angular velocity may be calculated using
Equation 7-11. Gearbox DE mechanical power may therefore be calculated using Equation 7-36.
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 = 𝜔𝐿𝑆𝑆 ∗ 𝜏𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
(7-36)
Drivetrain efficiency from the gearbox through to the power electronics may subsequently be
calculated using Equation 7-37.
𝜂𝑑𝑟𝑖𝑣𝑒𝑡𝑟𝑎𝑖𝑛 =

𝑃𝐴𝐿𝑀
𝑃𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝐷𝐸 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
(7-37)

Using the newly acquired measured LSS torque data, the mechanical power input at the gearbox
drive end may be compared to the electrical power output after the ALM power electronics module,
see Figure 7-20. Furthermore, the corresponding drivetrain efficiency is also shown, using a 10second smoothing window to account for short-term fluctuations in the input mechanical torque,
this length of smoothing window was found to best capture the average output power whilst filtering
out transient effects in mechanical power capture due to rotor acceleration and turbulence, as well
as accounting for the delay in mechanical power to electrical power transmission. At rated speed of
approximately 30 rpm, 10 seconds equates to approximately 5 rotations of the rotor.
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Figure 7-20 Gearbox DE Mechanical vs. ALM Electrical Power and Corresponding Drivetrain Efficiency

Figure 7-20 displays the measured drivetrain efficiency of the NM100 turbine and shows that the
energy conversion efficiency rapidly increases from turbine start up to a nominal efficiency of
approximately 80%. Data extracted across this window is used to plot drive train efficiency versus
equivalent ALM electrical torque, obtaining Figure 7-20. Following this, a two-term exponential curve
is found to best fit the data; fitting the data in this way allows for drivetrain efficiency to be
approximated using a timeseries dataset containing the ALM power and HSS speed variables.

Figure 7-21 Drivetrain Efficiency versus equivalent ALM Electrical Torque
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The predicted gearbox heat rejection obtained using the measured drivetrain efficiency fit may now
be compared to the output of the part-load model, see Figure 7-22.

Figure 7-22 Heat Rejected by the Gearbox as Predicted by the Part-Load Model vs. Measured Data

In Figure 7-22, the largest discrepancy between the model and measured data occurs during rated
power production; in Figure 7-23, where the drivetrain efficiency prediction of the part-load model is
compared to measured data, it may be observed that the part-load model over-predicts drivetrain
efficiency at rated power by 6%.
During the period of 50 to 160 minutes through the operational window, the turbine efficiency is
shown to peak at approximately 80%; with a constant output power of 100kW, a lower overall
predicted drivetrain efficiency results in higher losses across the drivetrain. Therefore, more heat is
rejected by the gearbox at rated power production than originally predicted by the part-load model.

Figure 7-23 Drivetrain Efficiency as Predicted by the Part-Load Model VS. Measured Data
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In Figure 7-23, the modelled drive train efficiency shows closer agreement to the measured
drivetrain efficiency during the first thirty minutes and the last sixty minutes of the tide, whilst the
turbine is under linear TSR control. The discrepancy between the heat rejection predicted by the
model and that calculated using measured efficiency data may be derived using Equation 7-38. The
discrepancy between the two models is plotted on Figure 7-24.
𝑄𝑙𝑜𝑠𝑠 𝑑𝑖𝑠𝑐𝑟𝑒𝑝𝑎𝑛𝑐𝑦 =

𝑄𝑙𝑜𝑠𝑠 𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑝𝑎𝑟𝑡−𝑙𝑜𝑎𝑑 − 𝑄𝑙𝑜𝑠𝑠 𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
𝑄𝑙𝑜𝑠𝑠 𝑔𝑒𝑎𝑟𝑏𝑜𝑥 𝑝𝑎𝑟𝑡−𝑙𝑜𝑎𝑑
(7-38)

𝑄𝑙𝑜𝑠𝑠 𝑑𝑖𝑠𝑐𝑟𝑒𝑝𝑎𝑛𝑐𝑦 = Discrepancy between modelled and measured heat loss [%]

Figure 7-24 Discrepancy Between Part-Load Model and Measured Data

In Figure 7-24, the discrepancy between the modelled and measured gearbox heat rejection may be
clearly distinguished between control system regions. The mean, range and standard deviation of the
discrepancy is calculated for each region and presented in Table 7-9.
Table 7-9 Discrepancy Between Part-Load Model and Measured Data by Control System

Control Region

Mean

Range

Standard Deviation

Linear TSR

-0.93%

4.22%

1.60%

Speed Cap

-1.65%

19.08%

5.80%

Power Cap

-7.16%

1.86%

0.37%

In Table 7-9, the lowest mean and standard deviation in discrepancy occurs within the TSR control
region, this is likely due to the mostly-linear behaviour exhibited by the drivetrain components within
this region. In contrast, the range and standard deviation of the discrepancy in the speed control
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region is the highest, likely due to the fluctuating speeds of the rotor as the control system stalls the
turbine to maintain its target maximum setpoint speed of 1550rpm. Lastly, the greatest mean
discrepancy is observed in the power cap region, this is due to the consistent overprediction of
gearbox drivetrain efficiency.

7.5 Summary
This chapter has described the development of a first principles part-load drivetrain efficiency model.
Field data is then extracted, fitted and compared to the part-load model outputs. The inaccuracy of
this fit necessitated the installation of a torque transducer for the measurement of gearbox DE
mechanical torque, and therefore the mechanical to electrical conversion efficiency of the drivetrain.
The measured drivetrain efficiency data is then used to produce a fitted curve of drivetrain efficiency
versus equivalent electrical torque. In turn, this data is used to improve the prediction of gearbox
heat rejection. Finally, the outputs of the part-load model are compared to the measured data to
observe the improvement in prediction as a result of using the measured data.
The verified drivetrain efficiency model allows for improved accuracy of the cooling system model
described in Chapter 8; the fitted efficiency data is used in the following chapter to better predict
gearbox heat rejection given an ALM power and HSS speed operating state in the tide, thereby
improving reducing the error between the expected and actual gearbox heat rejection and improving
the robustness of CMS abnormal behaviour detection.
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8 Cooling System Physical Modelling for Abnormal Behaviour
Detection
8.1 Overview
The secondary aim of the NM100 Cooling System case study, as discussed in Chapter 6, is to improve
understanding of cooling system operation and to inform predictive maintenance by identifying
abnormal behaviour.
This chapter details the development, improvement and evaluation of a physics-based quasi-static
cooling system model. The model is used to derive the expected heat transfer coefficients of the
NM100 internal and external heat exchangers throughout the tide and compares this to measured
data. This chapter demonstrates the usefulness of the temperature differential CMS upgrades as
implemented in Chapter 6.
Firstly, an understanding of cooling system design and characteristic operation through a single
spring tide and a full tidal cycle is gained. Secondly, empirical formulae are used to derive a physicsbased representation of the cooling system internal and external exchanger heat transfer behaviour,
this quasi-static model is used with existing datasets to evaluate cooling system performance.
Next, the quasi-static model is improved using heat exchanger temperature differential data gained
from upgrades implemented in chapter 6. Finally, the deviation of measured versus expected heat
exchanger heat transfer coefficients over a period of multiple months is investigated. This cooling
system physical modelling process is summarised on Figure 8-1.
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Figure 8-1 Cooling System Physical Modelling Process

8.2 Cooling System Characterisation
This section provides an overview of the cooling system design and characteristic operation, in order
to describe the underlying heat transfer processes of the system.

8.2.1 Design and Manufacture
The cooling system is designed to transport the heat generated by the gearbox in the NM100 tidal
turbine to the seawater environment and is activated throughout turbine operation. An alarm is
issued if gearbox temperature reaches 75oC, above 85oC operation of the gearbox must cease. The
cooling system consists of two independent fluid circuits; a lubricating oil circuit and a water-glycol
mixture. A schematic of the original cooling system prior to upgrade is presented on Figure 6-4,
section 6.3.2.
Heat is delivered from the gearbox by the lubricating oil to an internal shell and tube heat exchanger,
whereby heat is exchanged with a water-glycol circuit. In turn, this heat is rejected to the seawater
environment via an external tubular heat exchanger mounted the aft of the rotor. The internal and
external heat exchangers are installed as shown on Figure 8-2 and Figure 8-3 respectively.
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Figure 8-2 Internal Heat Exchanger

Figure 8-3 External Heat Exchanger

The lubricating oil is circulated by a positive displacement gear pump, is run through a filter and
returns to the gearbox via a proportional thermovalve. As the thermovalve reaches its threshold
temperature of approximately 40°C, a wax element diverts flow from the return line to the internal
heat exchanger. At approximately 55°C, flow is diverted entirely towards the heat exchanger.
The water-glycol mixture is circulated by an inline impeller pump and flows through the tubes of the
internal heat exchanger and external heat exchanger. An air equalised expansion valve is integrated
in the circuit to mitigate the increase in pressure due to thermal expansion of the water-glycol.
The system is instrumented with PT100 resistance temperature probes mounted on the surface of
the internal heat exchanger oil outlet and water inlet, and on the corner of the gearbox. A PT100
probe integrated in the Main Sealing Unit to the fore of the turbine provides a proxy measurement of
seawater temperature. Lastly, a pressure transducer measures the water-glycol circuit pressure.

8.2.2 Characteristic Operation in Spring Tide
Figure 8-4 displays the operation of Turbine 3 (T3) producing up to its rated power of 100kW over a
spring tide; Spring tides occur when the lunar and solar cycles coincide, producing the greatest
difference between low and high tide and thus the fastest tidal flows.
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Figure 8-4 Turbine 3 Time Series Plots of Operation to Rated Power

The High Speed Shaft (Figure 8-4, top) which drives the generator, first accelerates from 500 rpm at
the beginning of the tide to a regulated speed of 1550 rpm. From approximately 22:15 to 23:30,
rated power is reached and the rotor is stall controlled to maintain an Active Line Module (ALM)
power output of 100kW. After peak power production, the turbine is once again maintained at
1550rpm, and further decelerates through the tide to 500rpm, after which point power generation
reaches a net value of zero kilowatts.
During the entire period of operation, the cooling system is activated. This is illustrated on the
Cooling Pressure graph (Figure 8-4, middle) where a 0.06 bar increase in water-glycol circuit pressure
is witnessed when the water pump is turned on. Current control logic activates both the water and
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oil circuit cooling pumps during turbine operation. Upon the pump stopping, water pressure
decreases once more to approximately 1.9 bar. A small increase between the beginning and ending
pressures is caused by the thermal expansion of the water-glycol fluid within the pipework and gas
equalised expansion tank. The relationship between these two variables is illustrated on Figure 8-5
(bottom, left).
At rated power production, the gearbox temperature (Figure 8-4, bottom) is shown to increase
steadily until approximately 70°C, which occurs towards the latter stages of generation at rated
power. The oil outlet (red) and water inlet (yellow) temperatures follow a similar trajectory, reaching
maximum temperatures of approximately 50°C and 25°C respectively.
A notable feature of the oil temperature curve is the steep increase of temperature within 10
minutes after the cooling system is activated, this is a result of the thermovalve reaching its
threshold temperature of approximately 40°C and diverting flow of the oil heated by the gearbox to
the internal heat exchanger, where heat is transferred to the seawater via the water circuit. The
proportionality of this valve and its hysteresis in returning to its closed position after operation is
observable in Figure 8-5 (bottom, right).

Figure 8-5 Turbine 3 Statistical Plots of Operation to Rated Power.
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Figure 8-5 top, left shows the cooling system temperatures are distributed towards the upper end of
their data ranges, with the oil outlet and gearbox temperatures reaching maxima of 56.5 oC and
71.2oC respectively. Figure 8-5 top, right shows that front bearing and water inlet temperatures are
relatively consistent, both with an interquartile range of less than 3 oC, as opposed to oil outlet and
gearbox temperatures, which exhibit interquartile ranges greater than 10 oC.
The bottom scatter plots of Figure 8-5 show further analysis of behaviours of the cooling system.
Each datapoint is plotted in chronological order across a colour gradient, with dark blue and yellow
markers indicating points at the beginning and end of the dataset respectively. Figure 8-5 bottom,
left shows a positive linear relationship between the water inlet temperature and water circuit
pressure; deviation from this curve occurs due to excess pressure being taken up by the expansion
tank. Figure 8-5 bottom, right shows the relationship of oil outlet temperature with turbine gearbox
temperature, this is effectively governed by the flow division and opening stroke of the thermovalve.
The thermovalve is designed to open proportionally according to its temperature, diverting flow from
the oil filter outlet to the gearbox or increasingly to the internal heat exchanger. Although the
thermovalve is specified as a proportional component, the steep increases in oil temperature
observed on Figure 8-5 bottom, right indicate a stepped, or incremental flow diversion. A typical
stroke/temperature graph is provided on Figure 8-6, which illustrates the operating characteristics of
an example valve, including the hysteresis of the return stroke observed on Figure 8-5. The
thermovalve installed on the NM100 thermovalve appears to activate when the oil reaches 53oC on
Figure 8-5, and is specified to be fully open at 60oC [185].

Figure 8-6 Thermovalve Stroke/Temperature Graph [185].

8.2.3 Characteristic Operation across Tidal Cycle
Figure 8-7 displays the operation of Turbine 3 over a spring to neap tidal cycle, producing a range of
peak powers from 40kW to 100kW.
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Although the turbine only reaches rated power in a limited number of tides, the maximum speed of
the high speed shaft (approx.. 1550rpm) is reached in the majority of tides. Additionally, the strength
of the flood and ebb tides is apparent in view of the alternating ALM Power peaks. The peak gearbox
temperatures vary considerably throughout the dataset, reaching peak temperatures of 70.9oC
during the spring flood tides, and 55.6oC in the weakest neap ebb tide. Similarly, there is a 15oC
difference between the hottest and lowest oil outlet temperatures.

Figure 8-7 T3 Power Production and Cooling System Temperatures over Spring – Neap Tidal Cycle
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Figure 8-8 displays summary statistics of the tidal window. The temperature histogram on Figure 8-8
displays a higher spread distribution of gearbox and oil outlet temperatures, centring around a
median of 57.7oC and 44.6oC respectively. Figure 8-8 bottom, right reinforces the hypothesis that
although the thermovalve is specified to open at a certain temperature, there is a minor deviation
around the actual triggering temperature.

Figure 8-8 Turbine 3 Statistical Plots of Operation over Spring – Neap Tidal Cycle.

In order to provide an overview of timeseries data across the tidal cycle, the dataset is disaggregated
into individual tides and represented as a series of condensed box plots, see Figure 8-9. In this figure,
the box plots represent summarised timeseries data across subsequent flood and ebb tides,
numbered 1 to 30.
From this figure, two clear patterns are seen; spring tides produce higher gearbox and oil outlet
temperatures than neap tides, and flood and ebb tides show a clear alternating pattern in peak
power generation and cooling system temperatures. As the highest demand is placed on the cooling
system during Spring tides, future analysis may focus on Spring tide data to model the ‘worst case’
cooling scenario.
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Figure 8-9 T3 Disaggregated Spring-Neap Time Series Box Plots
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Figure 8-10 shows the maximum temperature difference between each cooling system thermal mass,
corresponding to the temperature differential across the gearbox, internal and external heat
exchangers. It is observed that the temperature between the oil and water circuits, associated with
the internal heat exchanger, fluctuates the most across the tidal cycle, whereas the temperature
across the gearbox and external heat exchanger remains relatively constant. This indicates the
importance of the internal heat exchanger in transferring heat from the gearbox oil to the water
circuit, and can be considered as a ‘bottleneck’ for heat transfer.
Figure 8-10 right shows the maximum temperature increase of 5 minutes of each cooling system
component. Although no clear difference is shown between spring and neap tides, the gearbox and
water inlet temperatures are shown to not increase more than 4oC and 2oC respectively for a single
tide, whilst the oil outlet temperature may increase as much as 10oC over 5 minutes, this is a result of
the thermovalve opening and diverting flow to the internal heat exchanger.

Figure 8-10 Cooling System Temperature Statistics over Tidal Cycle

It is easily surmised that the higher the power production, the greater the amount of heat that must
be transported by the cooling system from the gearbox to the seawater environment in a given time.
Hence in the peak flow of spring tides, the requirement for heat transfer is at its highest. It is thus
useful to observe the time spent generating at various control states of the turbine, namely: Linear
Tip Speed Ratio (TSR), maximum speed cap control at 1550rpm and rated power cap at 100kW. This
is displayed in Figure 8-11.
In Figure 8-11 (left) the amount of time spent generating in each control region is given per tide,
whilst Figure 8-11 (right) shows the total energy generated by control region. A large proportion of
energy is shown to be generated in the power and speed cap regions.
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Figure 8-11 Power Production Statistics over Tidal Cycle

8.2.4 Implications for Physical Modelling
In this section, the operational characteristics of the turbine and cooling system were presented.
Firstly, the functions of the various components of the cooling system are understood. Secondly, the
typical operating characteristics of the turbine cooling system are shown throughout a spring tide, as
well as the effect of the thermovalve on heat exchanger temperatures. This provides a basic
understanding of characteristic operation that must be captured in the physical model.
Lastly, the same turbine operating in a range of tides is presented, showing higher peak gearbox
temperatures over the strongest spring tides and alternating peak temperatures from flood and ebb
tides (Figure 8-9). In Figure 8-11, a higher power production, and thus greater requirement for heat
rejection, during operation at rated power is observed, this implies that analysis of timeseries data
may focus on Spring tide data, which accounts for the tides with the highest demand for cooling.

8.3 Cooling System Heat Transfer Physical Modelling
8.3.1 Physical System Description
A physics-based modelling approach is chosen due to the lack of failure data from the cooling
system, as well as the ability to amalgamate additional field-data inputs to improve abnormal
behaviour detection. The advantages of a physics-based approach are discussed in section 3.4.2.
A simple heat flow diagram is first used to illustrate heat transfer, with example temperatures from a
representative tide where the turbine reaches 100kW power production, see Figure 8-12. Minor heat
transfer processes, such as leakage of heat to the nacelle and input of heat from the fluid pumps are
assumed to be negligible and are therefore ignored.
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Figure 8-12 Cooling System Heat Flow

This system involves the interaction of 4 thermal bodies: The gearbox, lubricating oil, water and
glycol, and seawater. The transfer of heat between each of these systems occurs by three main
processes:
1. Heat rejected from the gearbox is removed by the circulating lubricating oil
2. Heat is rejected from the lubricating oil to the water and glycol circuit via the internal heat
exchanger
3. Heat is rejected from the water and glycol circuit to the seawater via the external heat
exchanger
In order to model the heat transfer processes of the gearbox cooling system, the gearbox heat
rejection at a given point in the tide must be known, as well as the amount of heat transferred
through the internal and external heat exchangers. The former quantity is obtained using the
drivetrain efficiency model developed in Chapter 7, whilst the latter is calculated by quasi-static
analysis and an empirical model of the heat exchangers.
Once heat transfer through the system has been quantified, the heat transfer coefficients of the
internal and external heat exchangers may be obtained. These are used to as a measure of cooling
system performance. The modelling process of gearbox heat rejection and heat transfer through the
cooling system is summarised on Figure 8-13.
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Figure 8-13 Calculation of Heat Transfer Coefficients by Quasi-Static Analysis and Empirical Model

Sections 8.3.2 and 8.3.3 detail the quasi-static analysis and empirical model.

8.3.2 Quasi-Static Analysis
The analysis of heat transfer is conducted on the assumption that the system is quasi-static; all
thermodynamic processes, referring to the energy balances highlighted on Figure 8-12, are evaluated
given the temperatures of the cooling system at each timestep.
Prior to the sensor upgrades implemented in Chapter 6, only the oil outlet and water inlet
temperatures were available from the heat exchangers, offering no differential temperature
measurement. Therefore, to obtain the temperature differentials across the heat exchangers, the
heat absorbed and transferred between each of the thermal bodies presented in Figure 8-12 is first
calculated.
The heat absorbed by each thermal body is calculated using the specific heat equation; Equation 8-1.
𝑄𝑎𝑏𝑠𝑜𝑟𝑏𝑒𝑑 =

𝑚𝐶𝑝 ∆𝑇
∆𝑡
(8-1)

𝑄𝑎𝑏𝑠𝑜𝑟𝑏𝑒𝑑 = Heat absorbed by Thermal Body (Gearbox, Oil, Water/Glycol) [kW]
m = Mass of Thermal Body [kg]
𝐶𝑝 = Specific Heat Capacity [kJ/kgK]
∆𝑇= Temperature change across timestep [K]
∆𝑡 = Time step duration [s]
The temperature change across each timestep is calculated for the respective thermal body; the
gearbox, lubricating oil or water/glycol. The specific heat capacity is evaluated at the temperature of
the first timestep, see 8.3.4. Thus 𝑄𝐺𝑒𝑎𝑟 , 𝑄𝑂𝑖𝑙 and 𝑄𝑊𝐺 may be derived.
The heat transferred through the system may be calculated using the energy balances illustrated on
Figure 8-12. The energy balance of each thermal body assumes that all heat transferred to that body
is either absorbed by the body, thus changing its temperature, or rejected towards the subsequent
thermal body or heat sink. The heat rejected by the gearbox, internal heat exchanger and external
heat exchangers is calculated using Equation 8-2, Equation 8-3 and Equation 8-4 respectively.
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𝑄𝑔𝑒𝑎𝑟𝑅𝑒𝑗𝑒𝑐𝑡 = 𝑃𝐷𝐸 − 𝑃𝑁𝐷𝐸 − 𝑄𝐺𝑒𝑎𝑟
(8-2)
𝑄𝑔𝑒𝑎𝑟𝑅𝑒𝑗𝑒𝑐𝑡 = Heat rejected by Gearbox [kW]
𝑃𝐷𝐸 = Gearbox Drive End Power [kW]
𝑃𝑁𝐷𝐸 = Gearbox Non-Drive End Power [kW]
𝑄𝐺𝑒𝑎𝑟 = Heat absorbed by Gearbox [kW]
𝑄𝐼𝑛𝑡𝑅𝑒𝑗𝑒𝑐𝑡 = 𝑄𝑔𝑒𝑎𝑟𝑅𝑒𝑗𝑒𝑐𝑡 − 𝑄𝑜𝑖𝑙
(8-3)
𝑄𝐼𝑛𝑡𝑅𝑒𝑗𝑒𝑐𝑡 = Heat rejected by Internal Heat Exchanger [kW]
𝑄𝑜𝑖𝑙 = Heat absorbed by Oil [kW]
𝑄𝐸𝑥𝑡𝑅𝑒𝑗𝑒𝑐𝑡 = 𝑄𝐼𝑛𝑡𝑅𝑒𝑗𝑒𝑐𝑡 − 𝑄𝑊𝐺
(8-4)
𝑄𝐸𝑥𝑡𝑅𝑒𝑗𝑒𝑐𝑡 = Heat rejected by External Heat Exchanger [kW]
𝑄𝑊𝐺 = Heat absorbed by Water/Glycol [kW]
The rate of heat rejection from each heat exchanger is assumed to be equal to the product of the
fluid mass flowrate, specific heat capacity and temperature differential across the inlet and outlet,
see Equation 8-5.
𝑄𝑟𝑒𝑗𝑒𝑐𝑡 = 𝑚̇𝐶𝑝 (𝑇1 − 𝑇2 )
(8-5)
𝑄𝑟𝑒𝑗𝑒𝑐𝑡𝑒𝑑 = Heat rejected through Exchanger (𝑄𝐼𝑛𝑡𝑅𝑒𝑗𝑒𝑐𝑡 , 𝑄𝐸𝑥𝑡𝑅𝑒𝑗𝑒𝑐𝑡 ) [kW]
𝑚̇ = Mass flowrate [kg/s]
𝑇1 = Temperature at Exchanger Inlet [K]
𝑇2 = Temperature at Exchanger Outlet [K]
As illustrated on Figure 6-4, section 6.3.2, only the oil outlet and water inlet temperatures are
available, thus by rearranging Equation 8-5, the oil inlet and water outlet temperatures may be
obtained. The heat rejected through the exchanger may be calculated using Equation 8-3 and
Equation 8-4, the specific heat capacity may be evaluated at a mean bulk temperature assuming a
reasonable temperature differential and the mass flow rate of the fluid may be inferred from the oil
and water/glycol pump capacities respectively.
In section 8.2.2 the operation of the proportional thermovalve is discussed. This is accounted for in
the oil mass flowrate by assuming no oil flow through the internal heat exchanger until the valve is
activated at approximately 53oC, proportional flow until the valve is fully open at 60oC and
unrestricted flow beyond 60oC. Valve hysteresis is accounted for by altering the threshold
temperature of the valve closing once it has been activated.
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The output of the quasi-static analysis are the differential temperatures of the heat exchangers, thus
allowing the heat transfer coefficients of the exchangers to be calculated using an empirical model,
discussed in the following section.

8.3.3 Heat Exchanger Empirical Model
The heat exchanger empirical model derives the overall heat transfer coefficients of both the internal
and external heat exchangers using empirical formulae. The heat transfer coefficient is a measure of
the effectiveness of a film in transferring heat per unit of area per degree of temperature difference.
The internal heat exchanger is a shell-and-tube style counterflow heat exchanger with multiple tubes
in a baffled chamber, the external heat exchanger is a single channel of tube that is exposed to crossflowing seawater. In both heat exchangers, three heat transfer processes occur [186]:
1) Convective heat transfer from the inner fluid to the inner tube walls
2) Conductive heat transfer through the tube walls
3) Convective heat transfer from the outer tube walls to the outer fluid
The overall heat transfer coefficient of a shell-and-tube heat exchanger may be represented by
Equation 8-6 [186].
ℎ𝑜 =

1
𝑟2
𝑟2
𝑟
1
+
ln (𝑟2 ) +
𝑟1 ∗ ℎ𝑡𝑢𝑏𝑒 𝑘𝑡𝑢𝑏𝑒
ℎ
1
𝑠ℎ𝑒𝑙𝑙
(8-6)

ℎ𝑜 = Heat exchanger overall Heat Transfer Coefficient [W/m 2K]
𝑟2 = Tube outer diameter [m]
𝑟1 = Tube inner diameter [m]
ℎ𝑡𝑢𝑏𝑒 = Tube-side Heat Transfer Coefficient [W/m2K]
𝑘𝑡𝑢𝑏𝑒 = Tube thermal conductivity [W/mK]
ℎ𝑠ℎ𝑒𝑙𝑙 = Shell-side Heat Transfer Coefficient [W/m2K]

Equation 8-6 requires the physical dimensions and material thermal properties of the heat exchanger
as well as the heat transfer coefficients of the tube and shell. The latter coefficients are obtained
according to Chapters G1 and G8 of the VDI Heat Atlas [187], which detail extensively heat transfer in
pipe flow and shell-side heat transfer in baffled exchangers respectively.
The tube-side heat transfer coefficient is calculated by finding the Nusselt number for forced
convection in pipe flow, whilst the shell-side coefficient is obtained by calculating the Nusselt
number for an ideal tube bundle and applying a series of correction factors associated with heat
exchanger geometry and fluid properties. For the external heat exchanger, the shell-side heat
transfer coefficient is replaced with the Hilpert correlation for forced convection in cross-flow [188].
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8.3.4 Fluid Properties
Throughout the tide, the temperatures of the fluids circulating through the heat exchangers change,
altering their thermodynamic properties. Therefore, at each timestep in the analysis, the fluid
properties are evaluated at the mean bulk temperature; which is assumed to be the average
temperature between the inlet and outlet.
The properties kinematic viscosity, thermal conductivity, specific heat capacity and density are
obtained for the lubricating oil [189], [190], water/glycol mixture [191] and seawater [192] from
manufacturer data and academic literature. Using linear interpolation, these temperature dependent
fluid properties are obtained at the mean bulk temperature of the fluid at each analysis timestep.

8.3.5 Logarithmic Mean Temperature Difference
The Logarithmic Mean Temperature Difference (LMTD) of the internal and external heat exchangers
are calculated to provide a measure of their performance. The internal heat exchanger is a
counterflow heat exchanger and is assumed to have a non-uniform wall temperature, hence the
LMTD is calculated using Equation 8-7 [186].
∆𝑇𝐿𝑀_𝐼𝑛𝑡 =

(𝑇𝑎1 − 𝑇𝑏2 ) − (𝑇𝑎2 − 𝑇𝑏1 )
𝑇 −𝑇
ln(𝑇𝑎1 − 𝑇𝑏2 )
𝑎2
𝑏1
(8-7)

∆𝑇𝐿𝑀_𝐼𝑛𝑡 = Internal Exchanger Logarithmic Mean Temperature Difference [K]
𝑇𝑎1 = Oil Inlet Temperature [K]
𝑇𝑎2 = Oil Outlet Temperature [K]
𝑇𝑏1 = Water/Glycol Inlet Temperature [K]
𝑇𝑏2 = Water/Glycol Outlet Temperature [K]
As the external exchanger rejects heat to the tidal flow, which is assumed to be an infinite heat sink,
the LMTD of the external heat exchanger is calculated assuming a uniform wall temperature, see
Equation 8-8 [186].
∆𝑇𝐿𝑀_𝐸𝑥𝑡 =

(𝑇𝑏1 − 𝑇𝑏2 )
𝑇 −𝑇
ln(𝑇𝑆𝑒𝑎 − 𝑇𝑏1 )
𝑆𝑒𝑎
𝑏2
(8-8)

𝑇𝑠𝑒𝑎 = Sea Temperature [K]
Once the LMTD of the exchangers are obtained, the heat transfer coefficient may be calculated using
Equation 8-9, by treating the heat transfer coefficient as a function of the heat rejected by the
exchanger, the heat transfer area and the LMTD.
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ℎ𝑚𝑒𝑎𝑠 =

𝑄𝑅𝑒𝑗𝑒𝑐𝑡 ∗ 1000
𝐴𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑟 ∗ ∆𝑇𝐿𝑀
(8-9)

ℎ𝑚𝑒𝑎𝑠 = Heat Transfer Coefficient from Measured Heat Rejection [W/m2K]
𝐴𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑟 = Heat Exchanger Heat Transfer Area [m2]
The measured heat transfer coefficients in this way are compared to the heat transfer coefficients
obtained in the empirical model.

8.4 Preliminary Results
8.4.1 Heat Transfer in Spring Tide
The Spring tide observed in section 8.2.2 is input to the quasi-static analysis and empirical model. In
Figure 8-14 (top), the energy absorbed by the gearbox due to its increase in temperature during
operation is shown. In Figure 8-14 (bottom) the heat transfer through the system derived by the
quasi-static analysis is shown, reaching approximately 4.5kW after the first 75 minutes of operation.
At the start of operation, much of the heat generated by friction increases the internal temperature
of the gearbox, as the lubricating oil temperature rises, the thermovalve activates and heat is
rejected to the seawater. This process continues after peak power production, due to the stored
thermal energy in the gearbox.

Figure 8-14 Quasi-Static Analysis Heat Absorbed by and Transferred between Thermal Bodies

In Figure 8-15, the differential temperature between the oil inlet and outlet increases until the oil
inlet temperature reaches gearbox temperature. This may be attributed to the poor thermal
conductivity and high viscosity of the lubricating oil, which does not transfer a significant amount of
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heat due to its laminar flow. The water/glycol inlet and outlet temperatures are approximately 2oC in
difference, due to the high flowrate of the water pump.

Figure 8-15 Quasi-Static Analysis Cooling System Temperatures

The quasi-static heat transfer coefficients, calculated on the basis of the LMTD across the exchangers,
fluctuate greatly with the heat transfer rate, see Figure 8-16. This artefact is a result of the method of
predicting heat rejection, which relies on the greatly fluctuating power and speed signals. Conversely,
the heat transfer coefficients predicted by the empirical models are more consistent, however there
appears to be a significant discrepancy between the measured and modelled external heat
exchanger heat transfer coefficients. The internal heat exchanger measured and modelled values
show good agreement, indicating promise for use as an indicator for performance degradation.

Figure 8-16 Quasi-Static vs. Modelled Heat Transfer Coefficient
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At the beginning of the tide on Figure 8-16, due to the cooling system initiating from a cold start, the
fluctuating temperatures of the thermal bodies cause a spike in the quasi-static heat transfer
coefficients. Similarly, at the end of the tide, when the heat rejection of the gearbox trends to 0kW
and the gearbox begins to cool, a spike in the predicted heat transfer through the heat exchangers is
observed, this is attributed to the measurement delay in the cooling gearbox temperature and
resulting predicted gearbox heat rejection.
These sections of the analysis must therefore be ignored to allow for performance degradation
detection within a more steady state operating region. To focus on the periods of steady state
operation, the difference between the measured and modelled (expected) heat transfer coefficient is
examined for the time period beginning 75 minutes into the tide operation until 204 minutes, see
Figure 8-17.

Figure 8-17 Measured-Expected Heat Transfer Coefficient Deviation Timeseries and Histogram

In Figure 8-17 (top) the timeseries of the heat transfer coefficient deviations are displayed, showing
the discrepancy between the measured and expected exchanger coefficients. In Figure 8-17 (middle),
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the internal heat exchanger displays a centrally distributed set of residual data around a mean of 24.0 W/m2K, the external heat exchanger is comparatively widely distributed around a mean of
approximately -10.6 W/m2K, showing poorer precision but better model agreement.
The variation of the heat transfer coefficient deviation is next observed across the tidal cycle in the
following section.

8.4.2 Heat Transfer across Tidal Cycle
The heat transfer analysis is extended to the tidal cycle data observed in section 8.2.3, allowing for
the deviation between the measured and expected heat exchange coefficients to be observed across
the steady state portion of the tidal cycle, the distribution of this data is presented on Figure 8-18.

Figure 8-18 Heat Transfer Coefficient Deviation Across Tidal Cycle

In Figure 8-18 (top), the heat rejected can be seen to vary alternately across the flood and ebb tides,
with odd tide numbers being flood tides; this is a result of the turbine being deployed oriented
towards the flood tide. The deviation in the external exchanger coefficient is much greater than that
of the internal exchanger.
From tides 10 to 25, an obvious discrepancy between the mean flood and ebb coefficient deviations
is observed. From Equation 8-9, the measured heat transfer coefficient is proportional to the heat
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rejection and inversely proportional to the logarithmic mean temperature difference. In Figure 8-19,
a scatter diagram of heat rejection is plotted against the quasi-static logarithmic mean temperature
difference for flood and ebb tides.

Figure 8-19 Quasi-Static Heat Rejection versus Logarithmic Mean Temperature Difference

In Figure 8-19, for the internal heat exchanger, a greater LMTD for the flood tides is observed than
for the ebb tides, however, this is offset by the greater amount of heat rejected through the flood
tides. For external heat exchanger, although the heat rejected through the flood tides increases, the
LMTD of both flood and ebb datasets remains similar. This results in a lower measured heat transfer
coefficient for the external heat exchanger during ebb tides, thereby explaining the variation in
coefficient deviation on Figure 8-18 (bottom).
To improve the consistency of the physical model, data gained from upgrades implemented in
Chapter 7 is incorporated into the analysis, this is detailed in the following section.

8.5 Post-Upgrade Results
8.5.1 Improvement in Model
In Chapter 6, a series of upgrades on the cooling system were introduced as a result of the detection
matrix approach, including differential temperature measurement on the internal heat exchanger.
The introduction of this data removes the need to conduct the quasi-static analysis to obtain the
temperature differential across the exchanger, therefore simplifying and improving the accuracy of
the model inputs. The new process of calculating the heat transfer coefficients of the heat
exchangers is shown on Figure 8-20.
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Figure 8-20 Calculation of Heat Transfer Coefficients by Temperature Differential Data and Empirical Model

8.5.2 Heat Transfer in Spring Tides
The new cooling system differential temperatures are compared to the temperatures obtained by
quasi-static analysis for an example Spring Tide on Figure 8-21, with upgrades in dotted lines.

Figure 8-21 Cooling System Temperatures Post-Upgrade

The oil inlet temperature sensor reveals that the temperature differential across the oil circuit of the
internal heat exchanger is approximately half of that predicted by the quasi-static analysis. As a
result, the LMTD decreases and the measured heat transfer coefficient increases marginally, see
Equation 8-9. The effect of the sensor upgrades as compared to the quasi-static analysis on the
measured and modelled heat transfer coefficients is shown on Figure 8-22.
At the beginning of the tide, the cooling system is turned on and cold fluid is circulated through the
system, causing the heat transfer coefficients to fluctuate wildly. As the thermovalve opens fully and
gearbox heat rejection becomes steadier, the measured external exchanger heat transfer coefficients
become more consistent, yet still deviate from the modelled coefficients.
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Figure 8-22 Post-Upgrade Measured versus Modelled Heat Transfer Coefficients

To compare the heat transfer coefficient deviation obtained using pre-upgrade quasi-static and postupgrade data, the steady state operating periods of 8 consecutive tides are compiled in Figure 8-23.

Figure 8-23 Heat Transfer Coefficient Deviation Quasi-Static versus Post-Upgrade Data
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In Figure 8-23 (top), both upgrade data show upward shifts in the distribution of the deviations, this
is due to the lower temperature differentials across the oil side of the internal heat exchanger oil and
thus higher measured heat transfer coefficients. The mean internal heat exchanger deviation
increases from 7.5W/m2K to 19.9W/m2K, indicating an inaccuracy with either the empirical model or
predicted gearbox heat rejection. The mean external heat exchanger deviation also shifts from
4.5W/m2K to 52.2W/m2K, due to outlying data.
As the temperature differential upgrades offer a more accurate measurement of heat exchanger
performance, these are used for further analysis of heat transfer coefficient deviation over a multimonth period in the following section.

8.5.3 Heat Transfer across Multi-Month Deployment
Using temperature differential data obtained from the upgrade, a dataset of 8 consecutive Spring
tides every two weeks, spanning a period of multiple months, is obtained. For each tide, the heat
transfer coefficients across a steady-state operating period of 2 hours are extracted and are shown
on Figure 8-24.
Figure 8-24 displays boxplots of 14 sets of 8 tides, each 2 weeks apart; each column of data
corresponds to a single timeseries of 8 tides. Over the course of the 7 months of tidal data shown, no
discernible trend is obvious in the heat transfer coefficient deviation boxplots. Should the heat
exchangers reach a state of performance degradation, this would be observable in the increased heat
transfer coefficient deviation.
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Figure 8-24 Post-Upgrade Heat Transfer Coefficients and Deviation across Multi-Month Period
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A scatter plot of the heat transfer coefficient deviation across the 14 tides is shown on Figure 8-25.

Figure 8-25 Heat Transfer Coefficient Deviation versus Heat Rejected (Legend denotes tide number).

On Figure 8-25 there are discernible clusters of data belonging to each tide, however, there is no
clear trend in the direction the data is moving over time. This is attributed to the variation in the
monthly tidal resource, rather than performance degradation.

8.6 Summary
The physical construction and characteristic operation of the NM100 cooling system has been
described over a single Spring tide and Spring-to-Neap tidal cycle. This base understanding has been
used as the basis for forming a physical model of the cooling system. The physical model developed
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uses differential temperatures across the heat exchanger to calculate the exchanger heat transfer
coefficients; this is achieved by using both the Logarithmic Mean Temperature Difference and
predicted heat rejection, as well as an empirical model.
The physical model is improved by incorporating sensor data gained from upgrades implemented in
Chapter 6, revealing discrepancies between the model and measured data due to the lower expected
heat exchanger temperature differentials, as seen on Figure 8-23. Using the upgrade data, timeseries
of 8 tides are obtained every 2 weeks across a period of 7 months. This data is then fed into the
model to investigate heat exchanger heat transfer coefficient deviation.
The results show no discernible trend in heat transfer coefficient deviation across the 7-month
dataset, however, this is expected due to the short time-span of the data relative to the expected
working life of the device (approximately 20 years). Over the lifetime operation of the NM100
turbines, more cooling system data will become available; it is envisioned that degradation may be
observed over longer periods of time, such as 3 years [117].
This chapter has demonstrated an example application of the CMS design methodology by
developing a physical model for fault detection based on the CMS upgrades installed by the
detection matrix approach demonstrated in Chapter 6. The categorising changing data distributions
over time is explored further in Chapter 9.
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9 Cooling System Data Driven Analysis
9.1 Overview
A number of upgrades have been undertaken on the NM100 Cooling System, as described in Chapter
8. This section describes the exploration, processing and evaluation of this data using an approach
similar to the data-mining methodology presented by Galloway in [112]. The objective of this chapter
is to identify abnormal or degraded cooling system performance by assessing if any patterns are
discernible in timeseries data gathered over a half-year period.
In contrast to Chapter 8, this chapter presents a purely data-driven approach to the analysis of the
CMS data gathered from the upgrades; the rationale of this chapter is to explore the data gained
from the CMS upgrades in order to prove its usefulness for fault detection, and hence the relevance
of the detection matrix method in sensor selection. This chapter reviews the data gathered from the
CMS Upgrades and analyses this data using the process depicted on Figure 9-1.

Figure 9-1 CMS Upgrades Data Processing Methodology
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9.2 Dataset Description
The CMS upgrades conducted on the cooling system as a result of the detection matrix study are
illustrated on Figure 6-10, section 6.7.1. The upgrades add temperature and pressure measurement
at stragic points in the cooling system and provide differential measurements across key components
such as the internal and external heat exchangers.
Timeseries data was obtained as a subset of a single deployment between the months of September
2018 to March 2019. Data was gathered in approximately 2 weeks intervals surrounding the Spring
tides, near the beginning and end of each month. To provide an understanding of turbine operation,
Active Line Module (ALM) power, High Speed Shaft (HSS) speed and Low Speed Shaft (LSS) torque
were included in the dataset.
Each timeseries dataset consisted of 14 tags and spanned 50 hours, capturing turbine operation
through 4 flood and 4 ebb tides each. Data was imported using MATLAB for visualisation and
processing. Erroneous measurements associated with instrument noise (floating point digitisation of
electrical noise) and spikes (caused during instance of powering on DAQ system) were removed.
Periods of data incompleteness were addressed by a logical index to be excluded from analysis.

9.3 Data Exploration
Figure 9-2 shows a 50-hour time series plot of the turbine generating up to 100kW at an HSS speed of
up to 1550rpm and LSS torque of up to nearly 100kN. The gearbox temperature is seen to peak at
65oC, coinciding with the strongest tides. Whilst no discernible difference is observed between the
water inlet and outlet temperature and pressure on the internal heat exchanger, the temperature
differential across the oil inlet and outlet is more pronounced.
The ALM power, HSS speed and LSS torque signals show the most short-term fluctuation, whilst the
pressure and temperature signals are steadier. Pressure spikes in the filter fore and aft pressure may
be observed at the beginning of the tide when the cooling system is activated, this is attributed to
the higher viscosity of cold oil in the circuit after cooling between tides.
A random sample of 5000 datapoints was taken from all 50-hour timeseries datasets across the halfyear period purely for visualisation purposes, a scatter diagram is plotted from this data to show the
relationships between the variables versus ALM power, see Figure 9-3.
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Figure 9-2 50h CMS Upgrades Dataset Timeseries Plot

Figure 9-3 Random Sample Scatter Plot versus ALM Power
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On Figure 9-3, HSS speed is seen to increase with ALM power until the speed cap region, where HSS
speed is limited at 1550rpm. A cluster of datapoints is observed below this limit where the power cap
region is active. An almost linear relationship between ALM power and torque may be observed.
A discernible difference may be observed in the oil filter fore and aft pressures, as well as the water
inlet and outlet pressures. Also observed is the similar relationship the oil inlet and outlet
temperatures display to the HSS speed variable. The clustering of datapoints, due to control system
action at different operating points of the turbine power curve, shows that the timeseries data may
be divided by control system operating state in order to distinguish relationships between variables.
Similar variables are grouped together and plotted against each other on a scatter matrix. Figure 9-4
shows the relationships between power, speed and torque data, as well as the distributions of each
variable in the data sample. On this figure, the linear tip-speed-ratio operating region may be
observed in the ALM Power and HSS Speed relationship. The LSS Torque is seen to increase linearly
with ALM Power and forms two distinct clusters; likely arising due to the action of the control
system. The data is therefore divided by control system state in section 9.4 for further analysis.
Figure 9-5 and Figure 9-6 show the relationships between the pressure and temperature data
respectively. On Figure 9-5, the oil inlet, filter aft and filter fore pressures are linearly correlated, as
are the water inlet and outlet temperatures. On Figure 9-6, the hysteresis of the thermovalve, as
discussed in Chapter 8, section 8.2.2, may be observed in the gearbox and oil inlet and outlet
temperature relationships. The oil and water inlet and outlets on the internal heat exchanger show
strong linear correlation. The strong linear correlation and relationship between the differential
pressure and temperature data may be used as key variables for feature extraction in section 9.5.

Figure 9-4 Power, Speed and Torque Scatter Matrix
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Figure 9-5 Pressure Scatter Matrix

Figure 9-6 Temperature Scatter Matrix
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9.4 Data Preparation
9.4.1 Automatic Tide and Control System State Identification
A logical index is attributed to the timeseries data to identify when the turbine is operational, this is
obtained by identifying periods where the High-Speed Shaft is non-stationary for greater than 15
minutes of consecutive operation. The timeseries dataset is further divided by tide by identifying
periods of inactivity. The resulting tidal index is shown on Figure 9-7.

Figure 9-7 Turbine-On Index and Division of Timeseries by Tide

During exploration of the half-year dataset sample, the control system operating state is found to
influence the relationships between variables. Therefore, the data is divided by control system region
for further analysis. As described in section 7.2.3, changepoints analysis, based on the abrupt change
of the standard deviation of HSS speed, is used to identify periods of different control system action,
these periods are then classified as regions of linear TSR, speed cap and power cap control. Figure
9-8 shows the classification of speed and power data by control state for a sample 50h timeseries.

Figure 9-8 Classification of 50h Timeseries by Control System region
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9.4.2 Principal Components Analysis
Principal Components Analysis (PCA) was applied to the entire dataset to identify the variables which
captured the greatest variation in the data. The two major principal components of each control
system region were plotted against each other on Figure 9-9.

Figure 9-9 Principal Components Analysis of Each Control System Region

Firstly, the three graphs on Figure 9-9 show that the relationship between the two main principal
components of the dataset varies for each control system state; this verifies that the dataset should
be split by control system state prior to distribution fitting, as each control system state is associated
with different behaviour of the data.
Secondly, the datapoints corresponding to data gathered prior to November show less overlap than
data captured after November; this can be observed in the Linear TSR and Speed Cap regions, but is
most prominent in the Power Cap region. The power cap control region shows a noticeable deviation
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between data captured prior to November and data captured afterwards, this is due to the turbine
throttling to 50kW prior to November, rather than 100kW, due to grid output constraints. In order to
maintain the consistency of distribution fitting and evaluation, timeseries datasets where turbine
operation is constrained due to grid limitations are discarded for future analysis.

9.5 Data Processing and Evaluation
9.5.1 Kernel Density Estimation
In section 9.3, pressure and temperature differential data are identified as key indicators of cooling
system performance, as such, the pressure and temperature differentials are calculated and plotted
as histograms by control system state on Figure 9-10. The water pressure differential may be seen to
be normally distributed, whilst the filter and oil pressure differential data show bi-modal or skewed
distributions.

Figure 9-10 Histogram of Pressure and Temperature Differentials by Control State
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As performance degrades over time, it is anticipated that the pressure and temperature differentials
will increase. For instance, as the filter, heat exchanger and fluid pipework become more clogged,
the pressure drop across the filter and heat exchanger terminals will be greater. Similarly, as the
external heat exchanger becomes covered in marine growth, the heat transfer rate per unit area will
decrease due to the increased thermal insulation, therefore in order to transfer the same amount of
heat, a greater temperature difference across its terminals will occur.
These increases in pressure and temperature differential data are anticipated to be identifiable by
observing the shift in the distribution of this data over time. This shift may be investigated by fitting
probability distributions to the first month of data and observing the deviation in the cumulative
density function of the data gathered in the following months.
Distribution fitting was performed to each data group using Kernel Density Estimation (KDE); KDE was
chosen due to its smoothing properties and its ability to fit the multi-modal nature of the data.
Finally, the Cumulative Density Functions (CDF) of each monthly distribution of data were obtained.
Using the beginning month as a reference, the Root Mean Square Error (RMSE) was calculated
between each CDF, in order to quantify the deviation in the data over time, see Figure 9-11.

Figure 9-11 Water Pressure Differential Data by Month, KDE Distribution Fitting and CDFs of Monthly Data
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The RMSE for each pressure and temperature variable by control state is summarised on Table 9-1.
Table 9-1 Summary of RMSE Statistics for each Pressure and Temperature Differential

Jan

Feb

Mar

Water

Filter

Oil

Water

Oil

Pressure

Pressure

Pressure

Temperature Temperature

Linear TSR

0.048

0.178

0.050

0.151

0.418

Speed Cap

0.181

0.193

0.056

0.142

0.473

Power Cap

0.170

0.189

0.055

0.157

0.445

Linear TSR

0.029

0.148

0.012

0.161

0.412

Speed Cap

0.030

0.161

0.031

0.179

0.445

Power Cap

0.027

0.154

0.022

0.174

0.437

Linear TSR

0.095

0.146

0.027

0.141

0.408

Speed Cap

0.099

0.161

0.049

0.162

0.446

Power Cap

0.090

0.154

0.032

0.149

0.444

The results show that the RMSE of the differential data does not vary significantly across the period
of 3 months, this is expected as the time span of the dataset is relatively small; a dataset spanning a
longer length of time such as 3 years may be the minimum required time length to produce
meaningful deviations in the differential data [117].
Nonetheless, a method has been demonstrated for identifying performance degradation in the
cooling system by fitting distributions to the pressure and temperature differential upgrade data.

9.6 Summary
Following the cooling system upgrades made in Chapter 6, timeseries data over a half-year period
was gathered every two weeks over 8 tides to investigate if abnormal or degraded cooling system
performance could be identified from patterns within the data.
Early data exploration revealed the pressure and temperature differential data as promising
descriptors of cooling system performance. Application of automatic turbine-on logic and control
system state classification enabled extraction of useful datasets from the timeseries data.
Principal Components Analysis revealed a distinct difference between tides experiencing a
constrained 50kW power limit, necessitating removal of a number of tides in the dataset. The
remaining pressure and temperature differential data were split by control state and month of
operation.
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Kernel Density Estimation was used to fit distributions to the separated differential data. Finally, the
Root Mean Square Error between the Cumulative Distribution Function of each monthly dataset was
used as an indicator of performance deviation.
This study has demonstrated that meaningful relationships have been observed in the pressure and
temperature differential data obtained in the CMS upgrades as advised by the detection matrix.
Further analysis of the trends present within the data over a greater length of time presents a
promising venue for abnormal behaviour detection; future work may involve associating the
deviation of specific relationships (such as the oil pressure differential) to specific failure modes (such
as the internal heat exchanger clogging).
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10 Discussion
10.1 Overview
The aim of this thesis is to present a generic methodology for risk and cost optimised Condition
Monitoring System (CMS) design; in view of this, this chapter reviews the two approaches taken to
propose and implement a risk and cost optimised CMS portfolio for MRE devices and whether they
have been successful.
Firstly, case study 1 is examined; the use of expert judgement and dividing proposed instrumentation
into functional packages as the basis of CMS design is discussed. In lieu of implementing the
proposed upgrades, and thus being able to review the usefulness of the data gathered, the costbenefit of the proposed instrumentation portfolio is assessed across a number of maintenance
scenarios.
Secondly, case study 2 is reviewed; the use of the detection-matrix as a means of identifying a risk
and cost optimised portfolio is discussed, further, the outcomes of the physical model and data
driven analysis application chapters are reviewed with respect to the methodology proposed in
Chapter 4. The portfolio presented in case study 2 is then evaluated based on its impact on the
detection rankings of the identified priority failure modes.
Next, the two approaches presented for selecting sensors for the instrumentation upgrade portfolio
are then compared; the validity of both approaches is discussed relative to the Technology Readiness
Level (TRL) of a device. Finally, the overall risk and cost optimisation methodology is reviewed and
modifications to the method are noted.

10.2 Case Study 1: WEC System CMS
10.2.1 Instrumentation Portfolio by Expert Judgement
An operational and data collection instrumentation portfolio has been presented by considering the
total cost, power consumption and practical installation requirements of instruments grouped into
functional packages.
The strength of this method is that it is informed by a comprehensive FMEA targeting all WEC
subsystems in a systematic manner. This has allowed a holistic risk-based approach to
instrumentation design, and for a set of proposed upgrades to be evaluated by expert judgement.
By assessing the practicalities of sensor installation on a commercial device, the risk versus cost trade
off may be balanced. In view of improving understanding of device performance, additional

205

instruments have also been included where expert judgement has deemed that gainful
measurements could be achieved.
Although both the risk ranking of failure modes and cost of sensor installation were used as criteria
for selecting upgrades, a scoring system that combined these quantities in a risk versus cost
optimisation problem was not developed. A simple scoring system, such as that defined by Scheu in a
recent study (see Figure 10-1) [41], could be incorporated into the sensor selection. In [41], a simple
factor is attributed to the downtime reduction and cost saving potential of a condition monitoring
solution; the product of these factors indicates the level of potential benefit.

Figure 10-1 Benefits of Condition Monitoring Categorisation [41]

Overall, the use of expert judgement to select instruments for a final portfolio provides a strong
compromise between a more complex optimisation problem and practicality. However, this assumes
that the detection capability of the CMS upgrades considered is effective.

10.2.2 Portfolio Cost Benefit Analysis
In lieu of implementing the upgrades proposed in Case Study 1, the theoretical cost benefit of the
proposed instrumentation upgrade portfolio is explored.
The approximate cost of retrofit of the operational portfolio, excluding the required DAQ system, is
£5,400 With regards to evaluating the cost effectiveness of the proposed operational portfolio, the
techniques available are non-trivial. Basic calculations may first be made in relation to the total
capital cost of the device and the perceived lifetime operational costs savings.
Due to the commercial sensitivity of capital cost data from Albatern, a representative reference may
be taken from the OES International LCoE report. Using a mid-range CAPEX value of
$11,000/kW=£8,800/kW [19], a 7.5kW WEC may cost approximately £66,000. A CMS retrofit of
£5,400 would therefore cost 8.1% of CAPEX, which is a high value relative to the existing Squid 6S
DAQ system cost.
The benefit of the CMS retrofit is better quantified in relation to operational expenditure savings.
According to the Ernst and Young Cost and Financial Support report for MRE, the annual OPEX value
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for commercial wave energy farms may be taken as £200/kW/year [193]. For a 7.5kW device with a
20-year lifetime, an expected lifetime OPEX value may be £30,000. Recalling from [20] that
unplanned maintenance costs account for 28% of OPEX, the lifetime unplanned maintenance costs
will be £8400. By reducing unplanned maintenance costs by 10%, 30% and 50%, CMS budgets of
£840, £2500 and £4200 are obtained respectively.
Although these approximations provide good benchmark comparisons, they assume an arbitrary
level of cost savings will justify their expense. In reality the CMS cost savings must be quantified in
relation to the benchmark periodic maintenance scenario and Annual Energy Production (AEP).
Recalling McMillan’s study [24], a 12.8% increase in revenue is achieved by employing a CBM
strategy as compared to a periodic maintenance strategy.
The AEP of a Squid 6S device may be calculated by multiplying the device’s generation capacity by its
availability and capacity factors. Taking a commercial array scale availability factor of 90% [19], and a
capacity factor of 26% derived from an Albatern-specific LCoE case study [194], the Squid 6S AEP may
be calculated as 7.5kW * 90% * 26% * 8760 hours = 15,400 kWh/year. Assuming the Squid 6S targets
an aquaculture farm for electricity export on cost parity with diesel fuels at £0.491/kWh [195], the
annual revenue may be calculated: 15,400kWh/year * 0.491£/kWh = £7,600. Using McMillan’s value
of 12.8% cost benefit to annual revenue, the CMS cost benefit will be £7,600 * 12.8% = £965 per
year, or £19,300 over the lifetime of the device.
However, this study assumes a 100% CMS detection rate, and does not take into account false
alarms. Therefore, a highly optimistic figure is provided. The major cost components of WECs also
vary greatly between devices, and thus the cost savings of the CMS as a proportion of AEP revenue
will vary. In [25], attempts are made to quantify the cost benefit of condition monitoring by
calculating the consequential damage prevented as a result of early fault detection, as well as the
impact of reducing unexpected shutdowns on production revenue. The study reveals that revenue
loss reduction is highly sensitive to CMS false alarm rate.
Assuming an 80% successful fault detection rate, the study reports that false alarm rates of 10%, 30%
and 50% result in a revenue loss reduction of 14.6%, 9.9% and 1.6% respectively [25]. Taking the
previously established AEP revenue of £7,600 for the Squid 6S, this equates to a cost savings of
£1,100, £750 and £120 per year respectively, or £22,000, £15,000 and £2,400 per 20-year device
lifetime respectively. These cost savings are demonstrated to reduce furthermore with the
decreasing levels of successful fault detection. Thus, the study highlights the necessity for the CMS to
successfully detect faults and achieve low false alarm rates in order to be cost-effective.
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This conclusion is in agreement with the findings of McMillan’s study, which demonstrate that CMS
fault detection success rates must exceed 60% and 80% to be cost effective for low and high cost
O&M scenarios respectively [24]. Without operational experience in operating a CMS, the fault
detection success rate and false alarm rate is difficult to determine. However, using the data put
forward by these two studies, one can set a reasonable baseline target of 70% fault detection success
rate and 30% false alarm rate in order for a CMS to be cost effective.
Finally, two maintenance scenarios of the Squid 6S WEC are considered in relation to the occurrence
of hydraulic system failure through oil leakage and water ingress. In the first scenario, oil leakage is
undetected, causing a consequentially higher stage of failure to be developed, and for water to enter
the hydraulic ring main and PTO system. In the second scenario, oil leakage is detected, allowing for
device retrieval before excessive damage is caused by internal corrosion.
In both scenarios, the device must be retrieved for hydraulic system refit and cleaning and
subsequently redeployed. The cost of retrieval and redeployment, as determined for a theoretical
Squid 6S array, is approximated as £1,600 [194]. The refit of the hydraulic system is a substantial
maintenance activity, requiring 40-man hours for disassembly and reassembly. At £20/hour, this
results in a labour cost of £800 [196]. The resulting downtime of two weeks, noting an AEP of £7,600,
will cause a £7,600 * 2 /52 = £290 revenue loss.
In the first scenario, water ingress causes internal damage to the hydraulic components. As such, the
hydraulic hoses and fittings must be replaced, costing a total of £3,000 in capital equipment. If
undetected for an extended period of time, the PTO module may become affected, or a hydraulic
ram may require replacement, risking an additional £5,000 of capital equipment [196]. In the second
scenario, if moisture ingress is detected immediately, the internal hydraulic system may be flushed
clean without the replacement of components.
In total, the cost of repair for an undetected fault is therefore £5,690 to £10,690, whilst a detected
fault repair cost is approximately £2,690, with the difference in cost between each scenario being the
capital cost of replaced equipment. Recalling the high priority failure modes described in Table 5-3,
10 hydraulic seal and hose related failures are perceived to occur between once and several times
per device lifetime. If oil leakage were to occur 3 to 5 times per device lifetime (i.e. approximately
once every 5 years), there is an opportunity for the CMS to save £3,000 of equipment cost each
failure event.
A summary of the considered CMS budgets in relation to a perceived cost benefit is made in Table
10-1. Despite the lack of thorough MRE component failure rate data and CMS operational
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experience, by applying cost benefit studies applied to the OWT industry, as well as back of envelope
calculations regarding the Squid 6S lifetime O&M cost and capital cost of equipment replacement,
reasonable CMS cost benefit values may be obtained.
Table 10-1 Summary of Considered CMS Cost Benefit Scenarios

Scenario

Cost Benefit per Lifetime

Notes

Reduction of Unplanned

£840, £2500, £4200

Based on theoretical array

Maintenance Costs by 10%,

lifetime O&M cost.

30% and 50%
Improvement of annual

£19,400

Optimistic scenario, assumes

revenue by 12.8%
80% successful fault detection,

100% detection rate.
£22,000, £15,000, £2,400

10%, 30% and 50% false alarm

Based on annual revenue loss
reduction.

rate
Oil leakage and water ingress

£3,000 per detection, 3-5

Based on FMEA probability

failure event, detected and

events per lifetime.

rankings.

undetected
These CMS cost benefit values provide a promising argument for a CMS costing £3,000 to £5,000 to
be a good investment decision. However, across the scenarios, the CMS cost benefit varies
depending on its performance. Once deployed, the installed CMS must therefore demonstrate
successful fault detection rates, lower false alarm rates and be able to translate monitored data into
actionable maintenance decisions.
A final consideration is the perceived increase in CMS cost benefit will increase significantly with
device scale, particularly in proportion to the increase of additional instrumentation cost. Due to the
higher AEP and cost of capital equipment, it is anticipated that distributed pressure sensing on the
hydraulic pumping modules and increased vibration and temperature monitoring of the drivetrain
will be installed as standard.

10.3 Case Study 2: TEC Subsystem CMS
10.3.1 Instrumentation Portfolio by Detection Matrix
The detection matrix serves as a risk-based approach to instrument portfolio optimisation.
Depending on the weighting attributed to risk and cost in the optimisation, the detection matrix
algorithm is biased either towards selecting sensors with high risk reduction or low cost.
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As such, appropriate weightings may be chosen to influence the outcome of the optimisation; a
study seeking to improve the understanding of a prototype without high regard for cost may choose
high risk and low cost weights, whilst a design seeking to maximise cost reduction may choose low
risk and high cost weights.
In Chapter 6, three portfolios have been presented that focus on a balance between risk and cost,
risk reduction and cost reduction respectively. The risk and cost balanced approach is found to
identify the ‘efficient frontier’, which is the sensor portfolio which reduces the most risk given a set
capital cost. The portfolio focusing on cost reduction is found to be highly similar to the risk and cost
balanced portfolio.
Limitations of the detection matrix approach include the nature of the algorithm; due to its greedy
nature, the sensor with the highest score is selected at each iteration. This method of solving may
not provide the lowest possible portfolio score at a given budget. A possibility of circumventing this
issue is brute-forcing all possible instrument portfolio combinations and calculating their portfolio
risk and upgrade cost at each iteration, delivering all possible optimum combinations of sensors at a
given cost. However, this method is computationally inefficient.
Analogous to the holding and trading of assets, another possible method of solving the optimal
portfolio problem may be to consider which sensors to keep and which to trade off at each iteration;
the sensor which reduces the least risk in a portfolio could be considered for removal in exchange for
an alternative sensor. This may provide the algorithm a means of removing redundant sensors, and
thus a means for identifying portfolios that would otherwise not be arrived at by the greedy
optimisation algorithm’s selection trajectory.
In the case study observed, manually selecting balanced risk and cost weights has produced a near
optimum portfolio at each cost step; the lowest portfolio risk is achieved at all but the lowest costs.
Therefore, further optimisation is not hugely necessary.
Another issue is that the onset of a single failure mode may have multiple root causes, and thus the
monitoring of a particular failure may not be sufficient by a single instrument. An attempt to address
this has been made by disaggregating the failures into sufficient detail. Causes of failure, such as poor
installation or maintenance practises, may also be human, therefore condition monitoring methods
should also take these factors into account. For example, a low pressure in the hydraulic system may
be caused by maintenance intervention rather than a component failure.
It is important to note that the detection matrix algorithm only seeks to improve the risk ranking of
the instrument portfolio by selecting additional instruments. This ignores the ability to improve the
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risk of a certain failure mode by reducing its probability and consequence rankings, and thus assumes
the FMEA in this regard is stationary. The detection matrix tends to focus on symptoms rather than
causes, and hence should not be applied in isolation of other recommended actions derived from the
original FMEA.
The detection matrix approach favoured a number of low to mid cost 4-20mA sensors that monitor
oil and water properties such as pressure, temperature, dielectricity and conductivity. This agrees
with literature by providing multiple detection methods for the varying failure mode signatures of
the oil and water circuits; in Figure 10-2, the failure signatures of different faults may be seen to
influence different oil properties [197].

Figure 10-2 Gearbox Faults and Indicative Oil Properties [197].

It may be noted that only online monitoring methods have been included in the detection matrix. It is
envisioned that these would replace offline monitoring methods such as periodic oil checks; these
processes should be continued in parallel with online monitoring methods.
Lastly, the impact of these detection methods on other subsystems has not been considered; for
example, the monitoring of metallic particulates suspended in the lubricating oil also provides an
indication of gearbox health. By extending the detection matrix to the entire tidal turbine system, it
is anticipated that a more holistic CMS design may be achieved by considering all system priority
failure modes.
Overall, the detection matrix has demonstrated a method for including both risk and cost
considerations in sensor selection, thus improving existing methods [41] by addressing the selection
of instruments as a portfolio, rather than considering sensors independently.
By selecting sensors as a portfolio, the detection matrix recognises that a single sensor may be used
to monitor multiple failure modes, and thus avoids redundant sensor selection. In addition, the
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approach may also be biased towards selecting low-cost sensors, or towards taking a purely riskreducing approach. As an example, a pressure transducer used to measure the differential pressure
across the filter terminals may also indicate a clog within the oil circuit hydraulic hoses.

10.3.2 Review of Monitoring Methods: Physical Model
A physical model of the cooling system was developed, incorporating empirical models of both heat
exchangers, a quasi-static analysis, existing data streams and field data gathered from the Chapter 6
instrumentation upgrades. This model was used to prove the usefulness of the CMS upgrade data.
Development of the model allowed an intimate understanding of the cooling system and heat
transfer processes, however took significant time for development; in particular, the heat exchanger
empirical models required an in-depth investigation of their physical construction and heat transfer
behaviour.
The result of this study is a deviation in heat transfer coefficient by taking the expected modelled
value from the measured value for both the internal and external heat exchangers. These
performance indicators have been observed across a period of 7 months. However, no significant
trends are observable in the dataset; this is attributed to the short time-frame of the dataset relative
to the functional life of the heat exchangers.
The change detection in the heat exchanger model may be significantly improved; the change of the
heat transfer coefficient deviation over time could be measured by means of distribution fitting as
demonstrated in Chapter 9. As a minimum, thresholds should be applied to the modelled heat
transfer coefficients, to ensure the mean heat transfer coefficient value does not deviate beyond a
95% confidence interval, which has been used as a simple measure for abnormal behaviour [198].
A limitation of the model is that it does not target specific failure modes; poor heat transfer is
detected by observing a decrease in heat transfer coefficient. In view of this, diagnostic rules may be
introduced into the model to identify the specific effects of failure events. For example, heat transfer
may be poor as a result of the degradation of the oil or water/glycol (varying thermodynamic
properties), failure of the fluid pumps (no change in inlet/outlet temperatures) or failure of the
thermovalve (blocked flow results in poor heat exchange). In addition, the varying timescales of
faults, such as sudden or gradual leakage detection, will aid the deduction of failure mode
occurrence.
Finally, only operational data has been fed into the model; no known failure datasets have been
analysed. The gathering or simulation of failure data will allow a comparison to be made between
healthy and abnormal datasets.
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Model Uncertainty
A number of considerations may be taken to improve the physical model and reduce the uncertainty
of its outputs.
Inaccuracies are introduced in the prediction of gearbox heat rejection, these arise from the
assumption that the gearbox is operated on the manufacturers specified speed-torque curve, and
thus the gearbox-efficiency data is valid. In reality, the turbine may be operated at constrained target
powers as the result of grid export limitations. Thus, heat rejection of the gearbox should be properly
characterised by improving knowledge of gearbox efficiency at a range of speed and torque
combinations.
For both the internal and external heat exchanger, the modelled heat transfer coefficients display
more consistent predictions with an interquartile range of 2.0W/m2K and 35.1W/m2K respectively,
compared to the measured heat transfer coefficients which show predictions with greater
interquartile ranges of 41.8W/m2K 74.7W/m2K respectively. This implies that, rather than comparing
the measured with the modelled data in an attempt to observe deviation over time, the empirical
model output may be a better indicator of degradation.
In the heat transfer model, the losses of heat through pipes, hoses and the filter and thermovalve are
assumed to be negligible. As heat generated by the gearbox will be partially absorbed by these
components, as well as removed due to minor forced convection in the turbine nacelle due to the
generator cooling fan, this may account for some deviation in the prediction of heat transfer through
the system. However, during steady state operation, these losses should decrease, due to the
increase in ambient temperature in the turbine and heating up of the cooling system piping and
hydraulic circuitry.
Furthermore, not all tides in the dataset are fully continuous; there exist periods where the data is
intermittent or the turbine ceases operation for a short portion of the tide. This abrupt change in
input heat causes the gearbox, oil and water/glycol temperatures to drop temporarily and increase
sharply upon resumption of operation. As the empirical model relies on the temperature differential
across the exchangers, rather than the change in internal temperature of the cooling system thermal
bodies, the empirical model is less affected by abrupt changes in operation due to the tide cutting
out.
Uncertainty arising as a result of measurement may be addressed by improvements to sensor
installation. In particular, the placement of the temperature sensors on the gearbox and internal heat
exchangers should ideally be immersed in the lubricating oil, rather than adhered to the surface of
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the heat exchange pipework. Issues such as sensor integration should therefore be considered at the
design stage of subsystems, if possible.
Lastly, fully characterising the behaviour of the thermovalve, or measuring the flowrate of the
lubricating oil and water/glycol would greatly reduce model input uncertainty. By measuring the
flowrate in this way, the steady state operating regions of each tide may be better identified by
selecting only the regions where the thermovalve is fully open.

10.3.3 Review of Monitoring Methods: Data Driven Methods
CMS upgrade data extracted over a half-year period was gathered, explored and processed in order
to identify if a change in cooling system performance could be detected. The early exploratory
analysis revealed linear relationships between the pressure and temperature differentials across the
internal and external heat exchangers and oil filter.
Dividing the data by control system region revealed distinctly different relationships between the
two main principal components in each region, this was useful to identify the impact of the 50kW
limitation on the control system across the first 6 datasets. To avoid diagnosing a change in
performance as a result of the control system throttling action, these datasets were eliminated from
further analysis.
Fitting a distribution to the pressure and temperature differential data using kernel density
estimation allowed for the comparison of data obtained across the remaining months. By taking the
Root Mean Square Error (RMSE) of the Cumulative Distribution Function (CDF) of subsequent months
in relation to the first month in the dataset, a promising method to quantify deviation over time is
demonstrated.
Although no significant deviation was observed over the 4 months, as deviations were attributed to
monthly variation in tidal resource, with the gathering of additional data over time, the comparison
of newly collected data to an established benchmark will become more robust. Over a longer period
of deployment, it is anticipated that a noticeable degradation in the performance of the heat
exchanger, caused by factors such as marine growth and filter clogging, will be detectable by the
installed sensors.
Overall, the study could be improved by introducing more curve, envelope or distribution fitting
techniques to the upgraded data, this will prove the usefulness of the individual upgrades for
indicating a change in cooling system behaviour over time. However, the main purpose of the study
is to demonstrate that useful parameters have been added to the list of variables for condition
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monitoring; the processing of this data also took significantly less time than the development of the
physical model.
To properly evaluate the usefulness of the CMS upgrades, the CMS upgrade data must be related
directly to specific failure modes as identified in the original FMEA. In turn, the impact of the
condition monitored variable on the detectability of a failure mode may be quantified, and the
original FMEA updated. This is discussed in the following section.

10.3.4 Review of Failure Modes
This section reviews the perceived impact of the CMS upgrades on the original cooling system FMEA.
In the obtained dataset of 7 months, no significant deviation in performance was detected by the
physical model and the data driven analysis, as this was attributed to monthly variation in tidal
resource rather than performance degradation. However, on the assumption that a detectable
change may be observed in the CMS upgrade data by the developed monitoring methods, the
theoretical improvement in detection rankings of the CMS upgrade may be quantified.
In Chapter 8, the internal and external heat transfer coefficients are identified as promising cooling
system performance indicators, whilst in Chapter 9, the changing distributions of oil, filter and water
pressure and temperature differential data are also found to be promising features for condition
monitoring. In order to quantify the improvement in the detection ranking of each cooling system
failure mode, these condition monitoring parameters are associated with specific failure modes in
Table 10-2 according to the detection classes recalled in Table 10-3.
Table 10-2 Theoretical Improvement in Detection Rankings post CMS Upgrade
RPN

Current
Detect

Clogged oil circuit (dev.)

16

3

Ext heat exch.

Seawater leakage into
exch.

15

3

Ext heat exch.

Marine Growth

12

3

Ext. Exch. coefficient deviation, water temp
differential

2

Int heat exch.

Clogged oil circuit (part)

10

3

Int. Exch. coefficient deviation, oil pressure
differential

1

Int heat exch.
Hydraulic
hoses
Oil pump

Water leakage to nacelle

10

3

Clogged

9

3

Air in pump

9

3

Filter

Clogged

8

3

Filter pressure differential

1

Thermostat

Valve stuck closed

8

3

Trending of oil and filter pressure differential

2

Oil

Viscosity

8

4

Oil pressure and temperature differential

3

Oil pump

Electrical motor failure

8

3

3

Oil pump

Seizing

8

3

3

Component

Failure mode

Int heat exch.
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Condition Monitoring Parameter
Int. Exch. coefficient deviation, oil pressure
differential

Upgrade
Detect
1
3

3
Oil and filter pressure differential

2
3

Int. Exch. coefficient deviation, water
pressure differential

Int heat exch.

Clogged water circuit (dev.)

8

2

1

Int heat exch.

Mixing of circuits

8

2

2

Water pump

Electrical motor failure

8

3

3

Water pump

Seizing

8

3

3

Ext heat exch.

Clogged water circuit (dev.)

8

2

Sum

467

Ext. Exch. coefficient deviation, water
pressure differential

1
Sum

346

Table 10-3 Detection Ranking Description

Class

Description

1

Prediction

2

Detection

Provides signal of failure ahead of time, collection of data for
condition monitoring
Allows detection of failure once it has occurred, instrument is
dedicated for purpose and linked to failure mechanism

3

4

Delayed

Can infer upon further inspection after fault or slow, unpronounced

Detection

effect over time, typically indirect to failure

No Indication

No indication of failure apart from obvious system downtime

In Table 10-2, assuming the condition monitoring features identified in Chapters 8 and 9 are able to
successfully improve the detection rankings of the failure modes to the rankings originally predicted
by the detection matrix in Chapter 6, the total RPN of the cooling system is reduced from 467 to 346,
or 25.9%.
Failure modes which have not been addressed have been left blank, this indicates a further
opportunity for improving the CMS upgrade portfolio – for example by installing the originally
suggested oil condition and water conductivity sensors to detect fluid degradation and sea water
leakage.
In section 3.1.2, an example cost of retrieval for a subsea mounted tidal turbine is given as £10,000,
assuming a multi-cat vessel day rate of £3,000 [199] and accounting for crew, mobilisation and
ancillary equipment. Should the CMS upgrades installed hypothetically save 1 intervention across 10
device lifetimes, their total capital cost of approximately £1,000 for the sensors, excluding labour
costs, may be considered as a cost-effective CMS upgrade and worthwhile investment.
Although the improvement in detection ranking is perceived to be high, in reality, the key factor in
driving the success of this method is proving the ability of the developed monitoring methods (i.e.
the physical model and data driven analysis) to detect and diagnose the specific identified failure
modes of the cooling system. This must be investigated by employing timeseries data of specific
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failure cases against the physical and data driven models; this data may either be collected over the
operational history of the turbines or generated using failure simulations.

10.4 Comparison of Expert Judgement and Detection Matrix Approaches
In this thesis, two approaches have been presented for CMS design by risk and cost optimised
instrumentation portfolios; these make use of expert judgement and a detection matrix respectively.
The expert judgement approach has demonstrated a practical method of addressing priority failure
modes whilst accounting for the requirements of sensor installation and the necessary data
acquisition architecture. However, the risk versus cost trade-off is not quantified, this is addressed by
development of the detection matrix approach, which uses an optimisation algorithm to select
sensors based on varying cost and risk weightings.
In this way, the detection matrix demonstrates a systematic method of integrating a system’s failure
modes into CMS design using a portfolio approach. This improves upon existing literature by
providing a means of balancing the risk versus cost trade off in sensor selection as part of a wider
instrumentation portfolio, as opposed to quantifying the sensor improvements independently as in
[41].
The advantages and disadvantages of the two methods used are summarised in Table 10-4.
Table 10-4 Comparison of Expert Judgement and Detection Matrix Approaches

Method

Advantages

Disadvantages

Expert Judgement

•

•

Consider practical requirements
of sensor installation

•

combination is not quantified

Functional packages enable

•

operator to define

Failure modes only considered
independently

measurement priorities by

•

subsystem
•

Selection of optimal sensor

Expert knowledge initially low in
new applications

Considers Data Acquisition
architecture as core component
in design

Detection Matrix

•

Optimal combination of sensors
identified across a range of
capital costs; the ‘efficient
frontier’
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•

Time consuming to construct
detection matrix

•

•

All failure modes considered

•

Detection rankings must be

holistically in relation to entire

audited for consistency to

instrumentation portfolio

ensure reasonable output

Incorporates FMEA and costs of
instrumentation into single
optimisation algorithm

Overall, both approaches have found potentially cost-effective instrumentation portfolios and also
provide a means of continuous reliability improvement; a list of priority failure modes is established,
an instrumentation upgrade portfolio is chosen and implemented, monitoring methods are
established and their impact on the detection rankings of the prioritised failure modes is updated.
New knowledge on the effectiveness of monitoring methods or newly identified failure modes may
also be integrated as operational experience is built over time.
The validity and usefulness of each approach relative to the Technology Readiness Level (TRL) of
device in question is discussed in the following section.

10.5 Discussion of Overall Methodology
10.5.1 Application of Methodology Beyond Study
With a view to CMS design in the wider industry, the selection of approach will be driven by the TRL
of the device in question. In section 1.1.4, the validity of CMS for varying TRL levels is discussed.
During the subsystem validation phases, TRLs 5-6, testing is typically done in real sea conditions and
condition monitoring may become a consideration for device operators. Practitioners wishing to
design CMS for TRL 5-6 MRE devices should consider employing the expert judgement and functional
packages approach, this is to reflect the changing design and monitoring requirements of the devices
and to incorporate the needs of changing DAQ architecture.
When devices transition towards the device (TRLs 7-8) and economic validation (TRL 9) phases,
design convergence increases and the detection matrix, which relies on consistent FMEA inputs (for
determining priority risks) and a more established DAQ architecture (for calculating upgrade costs),
becomes the favoured approach. The detection matrix offers a more systematic approach to solving
the risk and cost benefit trade-off problem in instrumentation portfolio selection and is therefore
well suited to devices where reliability improvement and capital cost reduction are key factors
towards commercialisation.
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10.5.2 FMEA Versus Alternative Reliability Methods
In section 3.6, the FMEA is identified as the reliability method of choice for determining the failure
modes associated with a device. This study has demonstrated the comprehensiveness and usefulness
of the FMEA as the favoured method of failure mode identification and risk ranking; it has provided
the best assessment of a device’s failure modes given the literature, operational experience and
expert judgement available.
A drawback of the FMEA is the qualitative nature of attributing risk rankings, however, as a result of
relying on expert judgement, the FMEA does not rely on surrogate sources for the collection of
failure data. Other reliability methods such as RMP, FTA and MCS as explored in the literature review
all rely on providing input statistical failure rate data, which given the nascent nature of MRE, may
provide approximations which are just as accurate as the FMEA risk rankings.
A limitation of using the FMEA to inform sensor installation is that the thoroughness and accuracy
with which a failure modes register is compiled is limited by expert judgement. Should the register
lack thoroughness, several high-risk failure modes may be undocumented, and should the risk
rankings be inaccurate, the measurement priorities may be ill-defined. One such approach to address
these discrepancies is to continuously update the FMEA with failure information from the field, as
explored in [35], this will serve to account for a number of unperceived risks.
Case Study 1: WEC System
Conducting the FMEA on the entire Squid 6S WEC system for the purpose of this study also yielded
several benefits to the wider engineering process of the device, such as easy to implement design
changes in favour of increased reliability and the compilation of a risk-based inspection register.
In the analysis of the failures for the case study, it would appear that reducing the probability of
failures due to improved engineering design would be a preferred method of risk reduction, rather
than simply adding methods of detection for their monitoring; condition monitoring should be
considered as a tool for monitoring risks that cannot be eliminated or practically reduced.
The FMEA was compiled by a multi-disciplinary team whom participated in the relevant sections
relating to subsystems within their expertise. The Chief Technical Officer and the author as FMEA
facilitator were the only members to attend each FMEA session. Although this allowed for a degree
of consistency across the FMEA.
In the opinion of the engineering team members, the critical failures of the Squid 6S have been
captured, hence the FMEA as it stands is a good basis for forming a list of proposed detection
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methods for condition monitoring. As the FMEA is a live and working document, updates to the risk
rankings should be made along with design changes over the lifetime and operation of the device.
Case Study 2: TEC Subsystem
In this case study, it was noted that specific failure modes should be disaggregated into their varying
root causes. This is a result of varying failure signatures; a loss of heat exchanger efficiency due to
marine growth will require significantly different detection methods to efficiency loss due to
clogging, which may be caused by debris or air.
Supplementing the FMEA with additional reliability studies allows for a greater understanding of the
consequences of component failure. In Figure 10-3, a Reliability Block Diagram (RBD) of the cooling
system can be observed, demonstrating that the failure of each component will result in the cooling
system unable to perform its intended function, causing the turbine to overheat during operation.

Figure 10-3 Cooling System Reliability Block Diagram

By attributing a failure rate probability to each component, such as in [200], the overall system
failure rate may be calculated and critical components identified. This may serve to prioritise the
installation of detection methods for certain components.

10.5.3 Collection and Generation of Failure Data
A key assumption is made in the review of failure modes in section 10.3.4, in that the developed
monitoring methods would be able to detect performance degradation in the event of the predicted
failure modes of the system. As such, this leaves some ambiguity on the actual impact of the CMS
upgrades on the detection rankings of the FMEA; the models have not demonstrated actual
detection or diagnosis of a fault.
In light of this, it is proposed to modify the original methodology to account for testing and
evaluating the developed monitoring methods with either collected or generated failure data. By
assessing the monitoring modes ability to detect actual, specific failure modes, such as the impact of
the oil pump seizing or internal heat exchanger fluid circuits becoming clogged, the detection
rankings of specific failure modes can be updated with greater certainty, improving the robustness of
the overall method and accuracy of the FMEA as a live document.
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The proposed additional failure data collection and generation step is shown on Figure 10-4. By
incorporating this additional step in the methodology, it is possible to properly conduct the review of
the monitoring methods developed and assess their impact on the detection rankings of the failure
modes. However, one limitation of this approach is the amount of work required to validate the
detectability of every single failure mode; a compromise may be made by focusing on the highest
priority failure modes.

Figure 10-4 Updated Methodology with Failure Data Collection and Generation Step
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10.5.4 Assessment of Cost Effectiveness of CMS Portfolios
In [51], the need for CMS to demonstrate their cost-effectiveness is highlighted, the difficulty of
achieving this is discussed in the literature review, section 3.3. As the first, Albatern case study CMS
was not implemented, a thorough cost-benefit analysis was undertaken, whilst a simple relation of
CMS capital cost to the deploy and retrieve cost of a turbine is used as a comparison for the second,
Nova Innovation case study.
In Table 10-1, the first case study CMS cost benefit is calculated relative to overall lifetime O&M cost,
annual revenue, CMS false alarm and successful detection rate and failure-specific events. These
provide a reasonable starting point given the available information and without undertaking a more
in-depth cost-benefit study. Ultimately, the CMS cost benefit will be proven over the lifetime of the
device.
Until the long-term CMS cost benefit is demonstrated in the field, it has been proven reasonable to
take a risk-focused approach by defining an acceptable total FMEA RPN; the CMS portfolio should be
the combination of sensors that satisfies a minimum, predefined RPN reduction at the lowest
minimum cost; this is achievable using the detection matrix approach.
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11 Conclusion and Future Work
11.1 Summary
This thesis has presented and demonstrated a methodology for Condition Monitoring System (CMS)
design through a risk and cost optimised portfolio, which has been applied to both a Wave Energy
Converter (WEC) and a Tidal Energy Converter (TEC).
In Chapter 3, the challenges of CMS design are highlighted; they must target a device’s priority failure
modes and justify their capital and operating cost. The Failure Mode and Effects Analysis (FMEA) is
then established as the preferred reliability analysis tool due to the identification of root causes and
as it does not require reliability data, which is lacking in the Marine Renewable Energy (MRE)
industry.
The requirement for auditing monitoring, processing and communication nodes in CMS design in
order to ensure cost effective monitoring is established, however only individual sensor
improvement scoring systems have been demonstrated in literature. The risk versus cost benefit
trade off in Modern Portfolio Theory (MPT), which states that an optimum combination of assets
may be chosen to maximise return on investment, is identified as a means of optimising
instrumentation portfolios.
To inform the methodology and CMS design, state of the art modelling approaches and signal
processing are reviewed. A range of applications of fault detection, diagnosis and prognosis to MRE
devices and Offshore Wind Turbines (OWT) are then examined. Lastly, the instrumentation and Data
Acquisition (DAQ) architectures of MRE devices relevant to their Technology Readiness Levels (TRL)
are discussed.
In light of the reviewed literature, in Chapter 4, a methodology is presented for CMS design based on
a risk and cost optimised instrumentation portfolio. Firstly, an FMEA is used to identify priority failure
modes and detection methods to monitor them. Secondly, sensor selection for CMS upgrades is
performed using two approaches: sensors are divided by functionality and chosen based on expert
judgement and sensors are attributed a detection ranking relative to each failure mode and selected
using a detection matrix optimisation algorithm. Finally, following the installation of the proposed
upgrades, a provision is made to review the newly installed monitoring methods and update the
original FMEA based on their effectiveness in fault detection.
In Chapter 5, the first case study is introduced; the Albatern Squid 6S WEC project context is
described. The FMEA conducted for the Squid 6S WEC is then conducted by breaking the system
down into its moorings, structural, hydraulics, electrical and instrumentation subsystems. The
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hydraulic and electrical subsystems are found to be the most critical, due to possessing the highest
number of high priority failures and number of failures overall, whilst the pumping module and the
Power Take Off (PTO) unit are found to be the most critical subassemblies due to the number of high
and medium priority failures spanning the structural, hydraulic and electrical subsystems.
Detection methods for each high and medium priority failure mode are proposed, these are then
grouped into packages with similar sensor functionality, focusing on moorings, device motions,
fastener loads, structural health, pumping module and PTO performance and generator and export
cable monitoring. Factoring in the practical installation requirements of the sensors, an operational
instrumentation portfolio has been presented, focusing on improvements to the moorings, low
pressure antinode (LPAN), PTO, generator and instrumentation sub-assemblies in order to target
improved hydraulic leakage detection and generator health.
In Chapter 6, the second case study is introduced; describing the Nova Innovation M100 Tidal
Turbine project context. Chapter 6 then summarises the outcome of an FMEA undertaken on the
NM100 turbine cooling system, revealing the high priority failure modes of the internal and external
heat exchangers and oil pump, as well as medium priority failures across the oil and water circuit
components. A list of detection methods is then provided for the condition monitoring of the cooling
system.
These detection methods are incorporated into a detection matrix, showing the improvement in
detection ranking by each sensor relative to each failure mode. An optimisation algorithm is used to
select sensors based on risk and cost scores, which are influenced by manual weightings applied to
influence the algorithm to focus on risk or cost reduction. A balanced risk and cost weighted
approach is found to provide the ‘efficient frontier’; the portfolio showing the optimum combination
of risk and cost at any given point in the curve. Based on this optimisation, a selection of pressure,
temperature and fluid property sensors are proposed for CMS upgrade. A series of pressure and
temperature differential sensors are then implemented on the cooling system.
The final case study 2 application chapters make use of the additional data obtained in the Chapter 6
CMS upgrades for physical modelling and data driven analysis. In Chapter 7, data gained from a
torque transducer installation is used to verify drivetrain efficiency to improve gearbox heat rejection
prediction accuracy, this data is then fed directly into the cooling system physical model in Chapter 8.
In Chapter 8, a physical model of the cooling system is developed, improved using gathered CMS
data and evaluated for its ability to detect abnormal behaviour or performance degradation. This
physics-based model uses empirical relationships and a quasi-static analysis to determine the rate of
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heat transfer through the cooling system and the heat transfer coefficients of the internal and
external heat exchangers. The results show no discernible trend over the 7-month analysis period,
however, this is expected for the length of deployment analysed.
Further methods to identify performance deviation are explored in Chapter 9 by data driven analysis,
this chapter assesses purely the changing relationships in the pressure and temperature differential
data obtained in the Chapter 6 CMS upgrades. In the analysis, the effect of the control system activity
and turbine power limitation on variable relationships is found to be strong, thus data is separated
on this basis. Kernel Density Estimation (KDE) was used to fit distributions to the data obtained each
month, the Root Mean Square Error (RMSE) was then computed between the Cumulative Density
Functions (CDF) to observe the deviation in data over time. Again, no significant trends were
identified, however a promising method has been demonstrated to show the feasibility of detecting
deviating variable relationships.
Finally, the expert judgement and detection matrix approaches are reviewed in terms of their
effectiveness and cost benefit. The monitoring methods and resulting updated FMEA rankings for the
second case study are then discussed. An improvement to the method is discussed by generating
failure data to properly review the monitoring methods developed.

11.2 Conclusion
Overall, this thesis has demonstrated a methodology for risk and cost optimised CMS design by
considering the impact of each sensor upgrade in relation to a portfolio. As the methodology
proposed incorporates an FMEA, which provides a systematic means of identifying a device’s priority
failure modes and can be applied to devices of various operating principles, it is well suited to CMS
design in new applications where there is a lack of failure data and operational experience.
In the first case study, by dividing sensors into functional packages and applying expert judgement, a
CMS portfolio is selected while accounting for practical installation requirements such as power
delivery and data collection and transmission. The proposed portfolio targets major hydraulic and
electrical failures of the Squid 6S WEC and incorporates a set of robust DAQ hardware. In relation to
a number of hypothetical maintenance scenarios, the portfolio is found to be a worthwhile
investment.
This method is found to be effective for CMS design for relatively lower TRL (5-7) devices due to the
ability to consider an entire refit of DAQ architecture during the CMS upgrades process. By dividing
sensors into functional packages, groups of sensors may be installed according to the measurement
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priorities defined by the engineering team. However, this approach does not quantify optimal sensor
selection, this is therefore addressed by the detection matrix approach.
The detection matrix and optimisation algorithm has demonstrated a method of combining both risk
and cost reduction considerations in sensor selection by calculating the impact of a sensor on the
total risk of a CMS portfolio as a whole. This method therefore improves upon existing literature by
considering the impact of all proposed sensor upgrades on the detection rankings of a system’s
priority failure modes as a portfolio, rather than a set of independent upgrades.
This method is more suited to devices of higher TRL (7-9) where a greater design convergence is
reached. In this case, the detection matrix and FMEA can serve as a live document as CMS upgrades
are chosen, implemented and reviewed for their effectiveness in the overall CMS portfolio.
In the second case study, the usefulness of the CMS upgrades installed in Chapter 6 is demonstrated
by incorporating the upgrade data into a physical model and a data driven analysis. In the physical
model, the CMS upgrades are shown to improve the accuracy of heat exchanger heat transfer
coefficient prediction by providing a temperature differential measurement across the inlet and
outlet of the internal and external heat exchangers. In the data driven model, the pressure and
temperature differential data gained from the CMS upgrades are shown to provide promising
indicators of healthy cooling system operation.
Although no significant deviation in cooling system behaviour is detected across the 7-month dataset
analysed in this study, a method to measure the deviation of the distribution of data has been
shown. Given existing literature on fault detection using SCADA data [39], [92], [95], it is reasonable
to assume that abnormal behaviour may be detected in the event of cooling system failure, or if a
dataset is obtained across a longer period of time, such as 3 years [117].
In lieu of authentic failure data from the turbines, failure data may be generated by simulation or by
using a test rig. By using this data to review the monitoring methods developed, the impact of
sensors within the CMS portfolio on the detection rankings of the FMEA can be updated with more
certainty, improving the robustness of the methodology as an ongoing optimisation study.
Overall, the detection matrix offers a systematic way of risk and cost optimised CMS portfolio design.
The method offers a valuable compromise between an expert’s best-guess qualitative approach,
which may be limited in new applications, and extensive lifetime operational models, which are
limited due to operational experience.

226

11.2.1 Research Implications
The developed method allows for a device-specific CMS to be designed, which is particularly useful in
MRE due to the range of WEC operating principles; tailored CMS portfolios may be implemented on
devices that do not conform to traditional electrical drivetrains typically found in horizontal axis wind
turbines, for which many industrial CMS packages are available [89].
This demonstrated method may be applied in lieu of extensive and difficult to obtain failure rate
data. This is particularly useful for practitioners wishing to implement CMS but lack operational
experience due to the early TRL of their technology.
As the FMEA is typically already employed in MRE device development [41], [47], [63], [65], [82],
developers may make use of existing FMEAs and in-house knowledge in the CMS design process.
Furthermore, use of this method in the early TRL stages of devices allows for a reliability centered
maintenance strategy to be integrated into the device development process, improving the reliability
of early TRL stage prototypes.
A physical model and data driven analysis has demonstrated of how to use the CMS upgrade data to
identify cooling system faults, however, significant development time is still required in the analysis
of gathered CMS data and conversion of data into actionable maintenance decisions.
Where condition monitoring has shown promise as a key enabling technology in MRE [17], this thesis
has provided a methodology to developers for CMS design that optimises both the risk reduction and
cost benefit of the proposed portfolio. The methodology proposed provides a means of addressing
the risk and cost trade-off for developers aiming to improve the reliability of their devices while also
optimising cost for commercial applications.

11.2.2 Research Contributions
This thesis has made the following research contributions:
•

Methodology proposed for risk and cost optimised CMS portfolio design through two
approaches: using expert judgement and a detection matrix. The process of CMS design has
been demonstrated and applied to two MRE devices at differing TRLs.

•

A CMS for an articulated WEC has been presented; CMS upgrades are selected based upon
functional packages and practical installation requirements. A low-level DAQ system design
of the proposed CMS is also provided.

•

To share MRE device DAQ system design experience, the Control and Instrumentation
system design process for the Albatern Squid 6S WEC has been documented in [153], whilst
findings regarding instrumentation specific reliability have been documented in [35].
227

•

A CMS for a TEC cooling system is presented; CMS upgrades are selected based upon a
detection matrix and optimisation algorithm that selects sensors based on manually selected
risk and cost weightings. A method to obtain the ‘efficient frontier’ of sensor combinations to
optimise risk and cost is shown.

•

Temperature and pressure sensors targeting key components in a TEC cooling system are
installed and subsequently deployed in the field. Upgrade data used from these sensors is
used in a physical model and data driven analysis.

•

A physical model of a TEC cooling system is developed and improved using newly obtained
CMS upgrade data. The heat exchanger heat transfer coefficients are used as cooling system
performance indicators and are calculated for tides spanning across a 7-month dataset.

•

Distribution fitting is demonstrated as a method to determine monthly variation between
pressure and temperature differential data obtained directly from CMS upgrades made to a
TEC cooling system.

11.3 Further Work
11.3.1 Improve and Extend Physical Model
In Chapter 8, the development of a physical model of the NM100 cooling system is described, the
model is then evaluated using data gathered from Turbine 3. Due to the identical engineering
construction of the NM100 Turbines 1, 2 and 3, the physical model may be extended towards
Turbines 1 and 2, accounting for turbine-specific behaviours such as the hysteresis of the
thermovalve and the flowrate of the oil and water pumps. This will allow for performance
comparison of all three turbine cooling systems within the same tide; the change in the heat transfer
coefficients overtime may be compared across all three turbines in the array.

11.3.2 Diagnostics and Prognostics
In section 3.1.1, the processes necessary for a successful CMS approach proceed from data
acquisition and processing, to fault detection, diagnosis and prognosis. Finally, based on the
diagnosis and prognosis of the CMS, a maintenance action may be performed. A set of prognosis
tools has been summarised in section 3.4.4. One consideration could be to apply a linear degradation
model to the existing cooling system physical model to predict when the heat exchanger heat
transfer coefficients are due to cross an unacceptable threshold.

11.3.3 Collection and Generation of Failure Data
In section 10.5.3 the need for validating the usefulness of the installed CMS upgrades and developed
monitoring methods is established. This may be achieved by either gathering failure data from the
field, or generating failure data through simulation or experimental testing.
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As the NM100 turbines operate as part of a commercial array, failure events cannot be triggered in
the field on demand. This is not uncommon, however, as such limitations are also experienced in the
offshore wind industry [25]. Despite this, efforts should be made to compile timeseries datasets
leading to failure should one occur. In time, this will lead to the growth of a field failure database
which can be used for the application of more advanced analysis such as supervised machine
learning, using techniques such as neural networks and decision trees as introduced in section 3.4.3.
The generation of failure data may be accomplished via simulation, by using tools such as MATLAB
Simulink [201]. By creating a digital model of the cooling system, characteristic healthy and fault data
may be generated for evaluation by the physical model developed in Chapter 8. In turn, this can help
determine appropriate alarming thresholds for heat exchanger heat transfer coefficient deviation,
hence improving the robustness of abnormal behaviour detection. Although the simulation of faulty
behaviour will be unvalidated to a degree without authentic field failure data, this technique has
shown promise in improving fault detection in OWT components and avoids the damaging of physical
equipment [111].
The generation of failure data may also be accomplished by the use of a test rig, as discussed in
section 3.4.3. The use of a generic tidal turbine drivetrain has been conducted multiple times in
literature for the generation of rotor or shaft imbalance and electrical fault data [97], [103], [108],
[202]. In a similar manner, a cooling system test rig may be designed with an electrical heater
providing a simulated gearbox heat rejection output. Faulty data in this way may be generated by
introducing faulty components or blockages in the hydraulic circuitry. This method would generate
accurate, representative failure data for a wide range of failure modes, however requires capital
investment and development time. For the existing array of 3 turbines, this may be too much
modelling effort. However, for a hypothetical array of 100 turbines, this may become a worthwhile
endeavour.
In summary, there are promising methods to generate artificial fault data, however the increasing
time and capital investment in digital simulation or physical test rigs must be justified by the
potential operational expenditure savings of the CMS fault detection methods developed. The
generation of artificial fault data in this way will provide a means of evaluating the detection
capability of a CMS upgrade, thereby improving the accuracy of assigning an appropriate detection
ranking during the detection matrix construction process.
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Appendix B

Measured Parameters and Sensors for their Detection by MRE Subsystem
Table B-1 Measured Parameters and Sensors for their Detection by MRE Subsystem

Sub-

Measured

System

Parameter

Moorings

Mooring loads

Sensor

Load shackle

Application Notes

Example

Example

Cost

Power

Signal

Comms

Model

Supplier

[£]

[W]

12Te Shackle with load cell and amplifier

Crosby

Applied

1100

0.2

4-20mA

-

in shackle pin, IP69K protection.

2130

Measurements

Quote

0.2

4-20mA

-

2.2

4-20mA

IO-Link,

[203]
Displacement

Inclination

Drag wire

Drag wire attached to stationary

potentiometer

component of mooring grid. IP68 rated.

Inclinometer

Two axes of measurement, analogue or

angle
Inclination

HX-P420

JN2100

CAN available.
Inclinometer

angle

495

[204]

Quote

IFM Electronic

255

[159]

Analogue inclination sensor, +/-20 or +/-90

CANBus

EC2082

IFM Electronic

190

0.4

4-20mA

-

0.55

-

RS232

120

0.2

PNP

-

degrees

Orientation,

Inertial

Triaxial inertial measurements, MEMS

3DM-GX4-

LORD

1475

acceleration

measurement

sensor, gyroscope, temperature, pressure.

15

MicroStrain

Quote

unit
Structural

UniMeasure

Water leakage

Level switch

[205]
Submergence in fluid causes change in

RM 2110

natural frequency of fork vibrations.
Water leakage

Humidity and

Thin film polymer capacitor senses relative

temp sensor

humidity. For industrial environments.

Tension,

Fibre optic

Good fatigue behaviour, no calibration, no

compression,

strain gauge

temperature compensation, insensitive to

shear, torsion

EM interference.

Rosemount
[206]

HX300

Omega [161]

160

0.2

4-20mA

-

OSP-A

Techni-

250

0.5

Requires

RS232,

Measure [207]

Quote

interrogator

RS485

~£500/input

243

Tension,

Strain gauge –

Epoxied to surface to measure

SGK-L1E-

compression,

half/full bridge

deformation of structural member.

K350T-

shear, torsion
Bolt strain

Omega

45 /

0.2

90

Strain gauge embedded in bolt.

1-TB21-3.3/

gauge

-

amplifier

PC11-E
Bolt strain

Excitation &

~£100/input
HBM [208]

150

0.2

1000HW

Excitation &

-

amplifier.
~£100/input

Bolt

Load washer

compression

Designed to measure clamping force of

LCM 900

Omega

260

0.2

bolt.

Excitation &

-

amplifier.
~£100/input

Hydraulics

Valve position

Valve sensor

Inductive sensor for determining binary

IN5331

IFM Electronic

110

0.2

PNP

-

LD630

Omega

345

0.3

4-20mA

-

M12TXSS

Omega

80

0.2

4-20mA

-

TA2405

IFM Electronic

125

0.5

4-20mA

IO-Link

PR130

Hydrotechnik

60

0.2

4-20mA

-

[209]

Quote

position of valve
Cylinder

Linear variable

Requires sealing if submerged, integration

position

displacement

within cylinder. Custom installation

transducer

required, pre-installed preferred.

Fluid

Temperature

High pressure compatible, robust threaded

temperature

sensor

mount.

Fluid

Temperature

High pressure compatible, robust threaded

temperature

sensor

mount, sensor diagnostics.

Pressure

Pressure

High pressure compatible, robust threaded

transducer

mount, analogue current transmitter.

Pressure

Pressure switch

Switching output with diagnostic function.

PP7752

IFM Electronic

160

0.5

PNP

IO-Link

Filter pressure

Clogging

Monitors pressure differential, switching

VL 5 GW.0

Hydaq [160]

610

0.5

4-20mA,

-

drop

indicator

contacts at 75% and 100% of pressure
setting.

244

Quote

PNP

Flow rate

Flow sensor

Mechatronic flow meter. Suitable for

SBY234

IFM Electronic

240

0.6

water and oil applications.
Flow rate

Flow sensor

4-20mA,

IO-Link

PNP

Magnetic-inductive principle. Water

SM6100

IFM Electronic

435

2.3

cooling applications. With temp

4-20mA,

IO-Link

PNP

measurement.
Fluid relative

Moisture sensor

humidity and

Oil humidity sensor with temperature and

LDH100

IFM Electronic

430

0.3

4-20mA

-

HLB 1400

Hydaq

465

1

4-20mA,

-

moisture linear analogue outputs

temperature
Oil viscosity

Oil condition

Measures multiple parameters; saturation

and

sensor

level, temperature, dielectric constant,

dielectricity

PNP

electrical conductivity. Can alarm.

Metallic

Metallic particle

Detects metallic particles using inductive

debris

monitor

coil.

MCS 1470

Hydaq

2720

5

PNP

RS485,
Modbus
RTU

Particulate

Inline

Optical based particulate monitoring with

contamination

contamination

moisture and temperature sensing.

ICM

MP Filtri [169]

1610

2.2

PNP

Quote

RS232,
RS485,

monitor

Modbus

Reservoir

Electronic level

Continuous level monitoring with probe,

level

sensor

for oils and water. Capacitance-based

LT3023

IFM Electronic

370

0.6

4-20mA,

IO-Link

PNP

available.
Electrical

Current

Voltage

Current

Transducer for variety of input signals. DC

transducer

and AC current compatible.

Voltage

Transducer for variety of input signals. DC

transducer

and AC current compatible.

245

DRF-IDC

Omega

145

1

4-20mA

-

DRF-VDC

Omega

145

1

4-20mA

-

Temperature

PT100

Epoxy to surface of stator.

PT100 TFD

25

0.2

RTD

temperature

amplifier

probe

£50 /input

Rotational

Inductive speed

Hall effect sensor, sensing of toothed

speed

sensor

metal wheel.

Rotational

Incremental

Programmable resolution. Provides precise

speed

rotary encoder

relative position and speed.

Rotational

Absolute rotary

4096 steps per turn, provides absolute

speed

encoder

position after loss of power.

Torque

Inline torque

Surface acoustic wave technology. Invasive

transducer

installation. Torque, speed and power.

Strain gauge

Strain gauge excitation and wireless

Torsion

with wireless

transmitter on drivetrain shaft, power

Meter

transmitter

received through inductive belt.

Drive shaft

Inductive

Inductive measurement with linearised

alignment

proximity

output signal, 0.5-5mm range.

Torque

Omega

-

MX5015

IFM Electronic

55

0.3

PNP

-

RB3100

IFM Electronic

145

0.5

HTL

IO-Link

RM9000

IFM Electronic

210

1

-

CANBus

RWT420

Techni-

1335

2.75

4-20mA

RS232,

Measure
Datum [210]

CANBus
3630

7.5

-

RS485

Quote

IG6087

IFM Electronic

85

0.3

4-20mA

-

VKV021

IFM Electronic

170

0.9

4-20mA,

-

sensor
Vibration

Vibration

Vibration sensor with linear analogue

transmitter

output and digital alarm. 10-1000Hz.

PNP High
freq

Vibration

Vibration

Vibration

Vibration sensor with linear analogue

transmitter

output. 10-1000Hz. IP69K rated.

Vibration

Vibration sensor for connection to external

sensor

diagnostic electronics. 0-6000Hz.

VTV122

IFM Electronic

200

0.9

4-20mA.

-

High freq

246

VSA001

IFM Electronic

150

0.3

Analogue
amplifier

-

Appendix C

Development of Utility Function

This appendix shows the development of the utility function for the detection matrix optimisation
algorithm detailed in Chapter 4, section 4.5. In portfolio optimisation theory, the von NeumannMorgenstern utility theorem shows that a rational decision maker will apply preferences to maximise
expected utility [150].
In this study, a utility function is developed to provide a means of choosing sensor options based on
two variables; risk reduction and upgrade cost, quantified by a Risk Priority Number (RPN) and sensor
installation cost respectively. At each iteration of the detection matrix optimisation algorithm, the
utility function is called to calculate a single score from each sensor, the sensor with the maximum
score is then selected for installation in the current sensor portfolio.
In [150], a number of functions to compute utility are given; these include linear, quadratic, power
and exponential functions. Before forming the utility function, to better understand the relative
magnitudes of the variables, the corresponding risk reduction and upgrade cost of each sensor at the
beginning of the optimisation is compared, see Figure C-1.

Figure C-1 Sensor Risk Reduction versus Upgrade Cost

In Figure C-1, the majority of sensors cost below £500, whilst the risk reduction of each sensor ranges
from 8 to 86. In order to trade off these variables, a number of utility functions are formulated and
used in conjunction with the optimisation algorithm detailed in section 4.5.1, page 68. The resulting
optimisation trajectories taken by the algorithm may be seen on Figure C-2.
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Figure C-2 Optimisation Trajectory by Different Utility Functions

As seen on Figure C-2, function 1 is based on risk reduction only, and therefore chooses sensors
without regard to cost. As such, the least cost-effective pathway of the functions investigated is
taken. By using functions 2 and 3, by employing a linear and power utility for risk respectively and
subtracting the cost score, the algorithm begins to deprioritise sensors that have a high upgrade cost.
By using a quotient-based utility, functions 4 and 5 are able to identify optimisation trajectories that
correspond to the lowest portfolio risk given an upgrade cost. In portfolio optimisation theory, this is
known as the efficient frontier. By adding an exponent to the cost score in function 6, the emphasis
placed on cost is reduced, therefore the algorithm once more selects more costly sensors.
In order for the user to define the degree with which the optimisation algorithm places an emphasis
on risk reduction or cost-effectiveness, the notion of adding exponents, or weights, to the risk and
cost scores is explored further. By taking the utility function in the form of function 6 and adjusting
the weights placed on risk and cost, Figure C-3 is obtained.
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Figure C-3 Initial Exploration of Manipulating Risk and Cost Scores using Varying Weights

Figure C-3 illustrates the effect of varying the risk and cost weightings on the risk and cost scores. The
resulting trajectories taken by the algorithm may be seen on Figure C-4.
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Figure C-4 Initial Exploration of Optimisation Trajectory using Varying Risk and Cost Weights

On Figure C-4, the optimisation algorithm is seen to more thoroughly explore the solution space
when the weights applied to the risk and cost scores are varied. With a high emphasis on risk and low
emphasis on cost, the algorithm favours risk-reducing high-cost sensors (Figure C-4, top-right), whilst
with a low emphasis on risk and high emphasis on cost, the algorithm favours more cost effective
solutions (Figure C-4, bottom-left).
As a result of the investigation, exponents are used to form the basis of the utility function, Equation
C-1.
𝑆𝑒𝑛𝑠𝑜𝑟 𝑆𝑐𝑜𝑟𝑒 = 𝑅𝑖𝑠𝑘 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 × 𝑆𝑒𝑛𝑠𝑜𝑟 𝐶𝑜𝑠𝑡 𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡
(C-1)
𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 = Positive real number, typically between 0 and 1.
𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡 = Negative real number, typically between -1 and 0.
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