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A Review of the Role of Prognostics in Predicting the Remaining Useful
Life of Assets

D.V. Roman, R.W. Dickie, D. Flynn and V. Robu
Heriot Watt University Smart Systems Group, Earl Mountbatten Building, Edinburgh, Scotland EH14 4AS

ABSTRACT:
In this research we present the state of the art in prognostics and health management, demonstrating opportu-
nities and challenges in designing and implementing prognostic models via three case studies. The remaining
useful life prediction for Li-ion batteries utilising data analysis is shown to be within 5% accuracy and in fusion
prognostic instance 3-5% accuracy when applied to subsea cables. Empirical data gathered in electromagnetic
relay lifecycle analysis demonstrated how low rate sampling can classify failure modes with abnormal resistance
spikes representing a precursor, 1.5 million actuations, prior to failure. Results demonstrate that due to the agile
nature of PHM models and their accuracy, PHM will be vital to resilient and sustainable complex systems.

1 INTRODUCTION

Global society depends on continuity of service of
critical systems. Critical systems that deliver vital ser-
vices such as energy, transportation, telecommuni-
cations, food and water, the built environment and
healthcare. The systems within these sectors are in-
creasingly complex and interdependent, interacting
at a global scale, thereby making them susceptible
to catastrophic and cascading failure under stress.
Therefore, there is an increasing focus on lifecycle
management of systems, where the value proposition
is based on how these systems improve safety and
quality of life in society [1]. Whereas previously it
was sufficient to commission and design infrastruc-
ture not to fail. To address challenges in resilience and
sustainability, there is a need to utilise data to support
prognostic analysis of existing infrastructure, and to
have such data inform innovation for next generation
systems.

In this paper we will focus on the challenges faced
within the Energy System, providing examples of how
prognostics can be applied to legacy and new assets
within the sector. Irrespective of economic strength
of a nation there is currently no economy in the world
that can replace its transmission and distribution net-
work. To provide a context, it’s estimated that the Grid
within the United States requires around $2 trillion in
upgrades by 2030 [2]. In the UK, the Department of
Energy and Climate Change (DECC) estimated that
between 2010-14 there will have been over £16 bil-
lion of investment in the electricity network. Further
to that, they estimate that between 2014-2020 a fur-

ther £34 billion needs to be invested [3]. Unsurpris-
ingly there is a global preference to defer investment
in the existing electrical networks. Over the last fif-
teen years there have been serious disruptions to the
Grid in Europe, Asia and America that have exem-
plified the risks of a non-resilient system [4, 5, 6, 7],
which have had serious economic impacts.

One of the most severe blackouts to have occurred
in the last twenty years was the 2003 Northwest US-
Canada blackout [4]. Due to a lack of system visibil-
ity and a very serious IT system failure the system
operators lost situational awareness of the power grid
in their care. An unfortunate combination of a grid
with limited monitoring, IT failure and an unforeseen
power plant failure meant that the Northeast power
system collapsed. This resulted in economic damage
estimated at between $4.5bn and $10bn across man-
ufacturing, service and government industries [5]. It
is becoming more and more important to industrial
power customers to ensure good power quality and
reliability, such as for centralised data servers [6].
These are critical elements of Internet infrastructure
that are absolutely dependent on the electricity net-
work to maintain their operation.

In July 2012, India suffered the world’s most
widespread electricity grid failure, which at its worst
extent had isolated almost the entire Northern, East-
ern and North-Eastern Electricity grid. The Ministry
of Power report of August 2012 [7] identified several
key factors in this failure. The first was that the Indian
power operators had scheduled, in error, a series of
major outages and had severely weakened key inter-
regional power interconnections. This lead to severe



overloading and tripped the line. However, neither on
the 30th or 31st of July was a fault actually observed
in the system, indicating a clear lack of system visibil-
ity. The lack of available telemetry data crippled the
observability and state estimation of the Indian grid
and prevented the load dispatch centres from shed-
ding load effectively.

Within this paper we propose the application of
prognostics to resilience and sustainability challenge
whilst reviewing the field of prognostics and health
management (PHM) in section 2, presenting an
overview of the range of methods that can be utilised
in predicting asset remaining useful life (RUL). To
provide context to the opportunities and challenges in
the application of PHM, three case studies are used
to demonstrate the potential of (1) data driven and (2)
fusion prognostic methods. The case studies relate to
three scenarios that end users may face when look-
ing to apply prognostics, namely, when encountering
large datasets (Li-ion Batteries) presented in section
3, limited understanding of the evolving failure modes
(Subsea Power Cables), as discussed in section 4, and
section 5 will review the scenario when no data ex-
ists (Electromagnetic Relay). Finally, conclusions are
presented in Section 6.

2 REVIEW OF PHM

Prognostic approaches predict the remaining useful
life by assessing the degradation or deviation of a sys-
tem from a benchmarked healthy system state. Tradi-
tional methods of RUL prediction include data driven
or modelling methods e.g. physics of failure (PoF).
As prognostics are becoming applied to increasingly
complex systems and the demands for accurate pre-
dictions increase, there is growing adoption of fusion
prognostics that seeks to integrate the benefits of both
methods and overcome their limitations through an
integrated RUL prediction. The successful application
of PHM methods is dependent on tailoring the prog-
nostic model to the given application. PHM methods
have been used in numerous industrial applications
such as machinery, electronic products, avionics and
vehicles. In the following section, we summarise the
main methods.

2.1 Data-Driven Approach

The data driven approach is an application of ma-
chine learning and statistical pattern recognition on
data collected at system, subsystem, or component
level. Determining unhealthy data in a vast database
of healthy data can be a significant challenge. Fur-
thermore, when faced with raw data values additional
data cleaning and data normalisation must be per-
formed to reduce noise associated with sensor er-
ror or the environment. Any algorithm employed for
PHM must achieve three fundamental requirements:
diagnose faults and predict failure, ensure collected

data is reliable and reject or filter noise [8]. Prog-
nostic algorithms are often based on neural networks
(NN) and fuzzy logic or statistical approaches, includ-
ing gamma processes, Markov model and regression
based models such as Gaussian Process (GP), Rele-
vance Vector Machine (RVM) or least square regres-
sion [9]. NN and GP tend to be widely used in the
field of prognostics, however it is worth mentioning
that there is no single algorithm that fits every system
therefore, it is important to select it based upon appli-
cation factors such as data type, uncertainty, expected
noise and size. To illustrate some of the weakness as
well as limitations of data driven methods three very
different algorithms are examined, NN, GP and the
state of the art RVM.

NN originate from the artificial intelligence do-
main, in which a network model learns to produce a
desired output in a similar way the human brain does.
When applied to PHM, the NN can learn to estimate
the level of degradation or lifespan corresponding to
given inputs such as data features, time, usage condi-
tions and operating environment state. As soon as the
learning phase is completed, provided the neural net-
work received quality and sufficient training data the
diagnosis and prognostics phase can commence.

Machine learning NN became synonym to arti-
ficial intelligence with the recent breakthrough in
deep learning methods attracting attention in both
academia and industry through platforms like Deep-
Mind and IBM Watson. Despite the relatively wide
spread use of deep learning techniques, it is only in
recent years that such methods have been applied to
the field of PHM. However, noisy sensory data typi-
cal to PHM applications poses a significant hurdle in
the implementation of such techniques. The are many
types of deep learning algorithms, such as deep belief
networks, Boltzman machine or auto encoders. The
use of deep learning techniques has been illustrated
by Deutsch and He in the analysis of bearing RUL us-
ing vibration sensor data [10]. The approach included
a Restricted Bolzman Machine (RBM), a generative
stochastic artificial NN that learns a probability dis-
tribution over the set of inputs, in this case vibra-
tion amplitudes. The RBM method learns the weights
and biases in the unsupervised stage, afterwards using
them as input in the supervised learning algorithm.
The RUL method has been validated through vibra-
tion data collected from hybrid ceramic bearing run
to failure, proving that deep learning can be accu-
rately used for PHM purposes. Another application of
deep learning methodology has been captured by Yan
and Yu in their study of anomaly detection for gas
turbine combustors [11]. In this paper the supervised
denoising autoencoder (SDAE) deep learning method
has been used to hierarchically learn features from
the sensor measurements of exhaust gas temperatures.
The identified features were then used as inputs to a
neural network classifier, extreme learning machine
(ELM), for anomaly detection.



There are however three major limitations in neu-
ral networks based prognostics: (1) finding adequate
number of nodes and layers, (2) obtaining relevant
weights and (3) dealing with uncertainty introduced
by training data [9]. Determining the exact number
of nodes and layers is problematic and highly de-
pendent on variables affecting the output as well as
user experience in building neural networks. Finding
optimum weight parameters is still challenging, the
performance of NN algorithm deteriorates with non-
optimum weight values. Finally, the quality of the
data is crucial, most measured data includes noise and
bias. Bias can be the error caused by sensor calibra-
tion or malfunction, while the noise error is simply
the mismatch between the training data and the out-
put. A possible solution is to implement NN that are
robust to input noise such as the one used by Yan and
Yu for anomaly detection, namely the SDAE classifi-
cation network.

Statistical approaches to data driven methods, in-
cluding GP and RVM function operate by fitting a
probabilistic model to the available data. [5]. GP is
a common regression-based method and it has the
advantage of mapping the simulated outputs iden-
tically to the measured data, however it does have
its drawbacks. GP performance is highly influenced
by its model, sharing a similar issue to NN. In this
case the model is based on the covariance function,
which in turn is difficult to attain despite the var-
ious types available, squared exponential, rational
quadratic constant or linear. Extensive research has
been conducted to determine the most suitable func-
tion, however much uncertainty on the exact function
still remains. Another issue related to the GP model is
the cumbersome acquisition of scale parameters that
determine the smoothness of regression model as well
as the data sample sizes [9]. While a large set of train-
ing data improves the model learning/training phase,
it also demands increased computational times.

Statistical approaches utilising extracted data fea-
tures have proven to be well suited for prognostics
purposes as illustrated in the literature and later exem-
plified through the case studies in the present material.
One such method is the state of the art Relevance Vec-
tor machine (RVM). RVM is essentially a supervised
learning technique, derived from the eminent Support
Vector Machine (SVM) employing a Bayesian prob-
abilistic approach. For convergence purposes an ar-
bitrary kernel function is normally employed. Due to
the mathematical nature of the model there are signifi-
cant advantages over other methods including a strong
generalisation and interference capability at low com-
putational costs. A detailed explanation of RVM is
beyond the scope of the present material, however a
more in depth analysis introduced by Tipping (2000)
[12] is widely available.

Largely, the data-driven approach can be regarded
as a clever data analysis solution, a black box that
does not consider the system geometry, subsystems

interactions or material properties. It is merely a prob-
abilistic approach to pattern recognition of sensory
data. Perhaps, the greatest disadvantage to data-driven
technique is the inability to identify causes and ef-
fects of the failure mode. The incapability of differ-
entiating between failure modes is a major drawback
in validation and post-processing analysis of both the
actual data and subsequently the system failure cause
identification. In addition, it can be difficult for data-
driven methods to estimate the RUL in the absence of
complete historical knowledge of the product parame-
ters. A feasible solution for absent data is data acqui-
sition through accelerated ageing tests as illustrated
in the final case study of the present work. Therefore,
a more holistic approach must be adopted, potentially
through the fusion of the physics based failure models
and data driven approaches.

2.2 Physics of Failure Approach

Physics of failure modelling allows for the assess-
ment of a system under its actual operating condi-
tions. In contrast to a data-driven approach, the PoF
method exploits prior knowledge of system geometry,
material properties, loading conditions, failure mech-
anisms and environmental factors to estimate RUL.
There are several critical assessment stages prior to
the application of the PoF based prognostics model
such as: failure mode mechanism and effect analysis
(FMMEA), data reduction and feature extraction, life
cycle loads data procurement, damage accumulation
and assessment of uncertainty and prediction [13].

PoF approaches are often divided into two phases.
The first is the collection of data, determining the
current system state, this is known as damage accu-
mulation, while the second phase is the mathemati-
cal modelling of the failure degradation. The founda-
tions of the PoF method represents the identification
of the critical areas in the systems i.e. stress concen-
tration regions, contact surfaces or similar regions of
concern. As an example, in the study by Simon and
Shocket [14] on the application of such models on a
gull-wing power supply chip, the first stage was to
perform a Finite Element Analysis (FEA) on the sol-
der joint to quantify the strain/stress values caused by
mechanical and thermal cyclic loading. Superimpos-
ing the values with the exact locations lead to bound-
ary conditions creation for the PoF model [13]. It is
crucial at this stage to include data from all sources
available, including: environment data, sensor data
as well as maintenance and inspection records such
that a comprehensive understanding of the system is
produced and further locations where sensing is re-
quired are identified. Additionally, other methods of
determining failure modes exist. Methods such as nu-
merical stress analysis and accelerated ageing tests
have been used with success in numerous case studies
across the literature including the ones mentioned in
the present material.



Once the design capture phase has been completed
the mathematical model can be generated based on
the preliminary information collected. Built around
the previous identification stage of potential failure
modes and mechanism, the physical model aims at
predicting the future damage of the system. The ex-
tent and degradation of the asset depends on the mag-
nitude and duration of the load acting upon it, there-
fore by correlating the damage to the load, the degra-
dation can be tracked and life estimation can be made
[8]. The damage is computed by inputting the ex-
tracted loading features such as cyclic mean or ramp
rate from raw data such as vibration amplitude or tem-
perature loading into the mathematical failure model.
For instance, the damage caused by temperature can
be calculated in the time domain using Coffin Man-
son’s model, while damage calculated due to vibra-
tion can be determined in both time and frequency
domain using Basquin’s model and 1st order Stein-
berg model respectively [13]. Even though the math-
ematical damage accumulation model approach can
be described through precise first/second order non-
linear differential equations, there are many assump-
tions and approximations employed. Thus, model val-
idation becomes a cumbersome task despite recent ef-
forts of model validation techniques development us-
ing statistical Bayesian approaches [9]. An alternative
solution to statistical validation is to authenticate the
model against benchmarked data obtained through ac-
celerated ageing tests. Unfortunately accelerated age-
ing tests on a complex system requires time and ex-
pensive equipment that few companies/institutes can
afford. As a rule of thumb, the more complex the sys-
tem, the more model parameters are required thus ex-
posing one of the weakness of the approach. Model
parameter identification becomes a delicate issue and
can be tackled using estimation algorithms such as
Kalman filters, particle filters, or Bayesian methods
to update or estimate unknown parameters based on
measured data [9]. Correlation issues between model
parameters coupled with uncertainty from data can
have a major impact on the RUL, and the predicted
RUL can be significantly different from reality.

As a final point, there exist three major challenges
in the implementation of a physics based prognos-
tics approach: (1) lack of sufficient knowledge in FM-
MEA stage, (2) limited mathematical failure models
databases and (3) inability to obtain and validate pa-
rameters in the mathematical model.

It is clear that an approach taking advantage of both
the historical data pattern analysis and an understat-
ing of the failure model and degradation stages is re-
quired.

2.3 Fusion Prognostics Approach

A hybrid approach utilising both data driven and
physics of failure methodology is what we envisage
for systems with little or no legacy. Such an approach

has the capability to bypass some of the challenges
previously summarised, however some still endure.
Noise and bias will always be associated to data due
to various sensor calibration errors or damage, how-
ever they can be identified and mitigate for using data
processing techniques. Coupling of the two main ap-
proaches into one prognostics model has numerous
advantages over the traditional methods including: (1)
benchmark/training data can be created via acceler-
ated ageing tests and FMMEA, (2) key monitored pa-
rameters initially identified through FMMEA are fed
straight into the data model for feature extraction,
(3) extracted data features can be put into the PoF
model for better system degradation estimation, (4)
PoF models can easily quantity the deviation from a
healthy state (damage identification) while data algo-
rithms can identify precursors to failure by employing
machine learning techniques.

The PHM method utilised is determined by the
asset, its operational environment and accessibility,
hence there is no single method that would fit flaw-
lessly. Instead we propose a fusion approach to PHM,
a flexible approach that can rely more on PoF mod-
els where data is limited or equally, when historical
record are available and little is understood on the fail-
ure modes the data-driven method can be employed.
To better illustrate the fusion approach we propose the
following case studies.

3 PHM OF LARGE DATASETS: LI-ION
BATTERIES

Lithium Ion (Li-ion) battery technology is increas-
ingly important in the transport & energy sectors. Hy-
brid architectures are increasingly commonly applied
to more efficiently balance power demands with ef-
ficient combustion engine rotational speeds. Mirror-
ing this in the energy sector is integration of demand
response batteries in the network, aiming to aid the
grid to supply peak power with reduced generating ca-
pacity. Common issues associated with Li-ion battery
technology such as cell ageing hinders implementa-
tion in mission critical systems. Work carried out by
Tang et al.[15] proposes application of the Relevance
Vector Machine (RVM) to predict RUL of Li-ion bat-
teries. Taking battery operating data, as input, such as
voltage and current, a prediction of RUL is generated
as a function of the number of charge cycles under-
gone by the battery. RVM is a type of Support Vec-
tor Machine (SVM) which uses Bayesian inference to
obtain probabilistic results and allows the use of arbi-
trary kernel functions. This mitigates the limitations
intrinsic to SVM’s as reported by Tipping, 2001 [12].
An important factor to consider in the application of
any prognosis is prediction error. Predictions with a
large error have little to offer as an asset management
metric. To assess this Tang et al.[15] performed an
analysis of their algorithm output error. The algorithm
was applied to a random selection of batteries from



the NASA dataset and it was shown by initialising the
algorithm at different stages within battery lifetime
Ci, a maximum Relative Error (RE) of 8% was ob-
served meaning all batteries had their RUL predicted
to within 10 cycles of the actual lifetime. The plot in
Figure 1 show a strong visible correlation throughout
the asset lifetime.

First, we implement the RUL estimation with battery No. 5 in this dataset,
in which di↵erent starting points are selected. These starting points are selected,
namely the 40th, 60th, and the 80th cycles. The RUL prediction results are shown
as Table 1.

Battery
No.

Starting
Point

True
RUL

Predicted
RUL

85%CI AE RE%

5 40 124 117 114-124 7 5.6
5 60 124 120 118-129 4 3.2
5 80 124 121 119-125 4 3.2

Table 1: Quantitative results for battery No.6, 7 and 18 RUL prediction with di↵erent starting
points.

In Table 1, we can see that for battery no. 5 all of the predicted RUL errors are
less than 10 cycles at di↵erent starting points. Moreover, all the actual RUL values
are almost located in confidence intervals (CI).

Figure 2 shows the plot of real data and the predictive point estimates for battery
No. 5, the left-hand-side graph shows the plot with starting point at the 40th cycle,
while the right-hand-side graph shows the plot starting at the 80th cycle.

Figure 2: RUL perdition curve for battery No.5

Our result shows that the RVM estimation has a good performance in the long-
term prediction on forecasting the battery RUL. In particular, the latter the starting
cycle is (cycle 80), the more accurate the resulting RUL prediction will be.

To verify and evaluate the adaptability of the proposed method, we also im-
plemented the RUL prediction experiment using other batteries. The experimental
results with battery No. 6, No. 7 and No. 18 are shown as Table 2. Similar to that
of battery No. 5, the prediction precision measurements AE and RE are satisfactory.
The prediction precision proves that the proposed method has a god performance
for the application we consider.

The experiments presented above use NASA battery data to test the predictive

9

Figure 1: Plots of prediction & recorded [15].

This study shows how PHM methods can be ap-
plied to large existing datasets to provide outputs with
an acceptable output error allowing operators to gain
useful insight into the asset condition that can aid in
planning, operations and maintenance.

One engineering issue commonly encountered in
data-based PHM methods is dealing with the volumes
of data generated by such assets. Data compression
methods are required to reduce data volumes of which
there there are several strategies: selective data acqui-
sition and front & back end data processing or com-
binations of the aforementioned. The common goal
of these strategies is optimisation of the Shannon En-
tropy of recorded data, that is a minimisation of the
quantity of recorded redundant data.

Selective data acquisition reduces data volume by
monitoring the live data and applying decision mak-
ing to the data recording process. Use of recording
triggers, such as identifying interesting changes in the
monitored data and using this to trigger writing the
data to storage is one example of a selective data ac-
quisition routine. This type of method is best suited to
applications where data storage is minimal or costly.
This can also allow dynamic data rates to be used.

Front end processing allows localised decision
making to take place and decisions to be made about
which data is to be kept. This differs from selec-
tive acquisition in the sense that it records and stores
the data initially and makes decisions about deleting
and discarding or compressing data after it has been
recorded, whereas selective data acquisition makes
decisions about which data to physically record based
on a real-time observed value i.e. selective data acqui-
sition has no long term history to refer to. Front end
processing can be used in applications where: access
to offline data transfer is limited or not possible, rea-
sonable local data storage is available, low latency is
required.

Back end processing is the remote processing of
data which involves transmitting data offsite for pro-
cessing using large data-centres and/or powerful com-
puter servers. This method allows a simpler PHM sys-
tem to be installed at the front-end on equipment for
monitoring. This can be applied where: data transfer
is a possibility/required, powerful computation is re-
quired, high latency can be tolerated, data integration
for platform based PHM is in use.

As mentioned previously, these are not mutually
exclusive concepts and for any specific data-based
prognostic system decisions must be made about the
blend of methods used based on the constraints of
that particular system. One typical constraint is data
transfer rates. These must be kept within the bounds
of the technologies in use and this will affect the de-
sign process of any system as variable blends of front
& back end processing will put variable strain on any
data transfer channel.

4 APPLICATION OF FUSION PROGNOSTICS
TO SUBSEA CABLE ASSET MANAGEMENT

The offshore condition monitoring market, specif-
ically Offshore Wind Turbines, is estimated to be
worth £2 billion annually by 2025 [16] in the UK.
A critical sub-system within all offshore wind gen-
eration is subsea transmission cables connecting to
the land based network. In 2015, European insurance
claims relating to subsea cable failures cables totalled
e60 million [17]. Despite these challenges the subsea
cable market is growing, with major projects such as
the £1 billion Western Link project by Scottish Power
and National Grid to transfer renewable power from
Scotland to England and Wales, being replicated glob-
ally [18]. This trend is unlikely to abate, with a grow-
ing global investment in offshore renewable gener-
ation technologies. It is becoming apparent that re-
silience and sustainability of energy networks will be
dependent on advancements in monitoring and asset
management of these critical assets.

To date, subsea cable installations for offshore re-
newables have been guided broadly by anecdotal ev-
idence and using codes and standards centred on
pipeline stability (notably DNV RP F-109), the accu-
racy of which has never been comprehensively tested
[19]. The commercial state of the art in subsea ca-
ble monitoring is based on two principal methods,
Distributed Temperature and Strain (DTS) fibre op-
tic sensing and online partial discharge (PD) monitor-
ing. Both provide online monitoring of failures typi-
cally associated with electrical faults, such as dielec-
tric insulation failure. To understand why these meth-
ods were not sufficient in predicting subsea cable fail-
ures, a detailed Failure Mode, Mechanisms and Effect
Analysis (FMMEA) was conducted on a 20 year his-
torical database on subsea power cable failures.

Analysis of the data within Figure 1 highlights that
70% of failure modes relate to environmental factors,



namely: corrosion, abrasion and third party impacts.
Our investigation also revealed that there were insuf-
ficient industrial standards to account for the seabed
failure modes associated with corrosion and abrasion.
Furthermore, no online data existed for subsea cable
dynamics when on the seabed. Subsea cables can be
buried or simply positioned on the seabed during in-
stallation, however, the ambient influences on the sub-
sea cable such as dynamic effects from tidal stream
forces, varying sediment types and seabed topography
creates a variable environment. To address the chal-
lenge of predicting subsea cable RUL, location and to
inform optimised planning, a fusion prognostics ap-
proach, as shown in Figure 2, was created.

Figure 2: Fusion Prognostic Model

To understand subsea cable dynamics retrofitted
monitoring collars were designed and installed onto
a subsea cable, providing full dynamic displacement
data and in-situ monitoring of cable impacts via a
subsea repeater network. The data from online dis-
placement monitoring and site specific ocean surveys
e.g. tidal flows, seabed topography etc was integrated
into a mathematical model to predict the sliding dis-
tances of the cable within sub-divided zones, at each
zone the cable is considered as a catenary model with
point loads and taking moments of equilibrium. This
approach enables predictions on cable displacement
within zones. In this model we can also account for
the influence of scouring and self-burial, when move-
ment is not then considered.

With an online understanding of cable dynamics
this data is integrated into another model that predicts
the rates of degradation through the multilayer struc-
ture of the subsea cable (Physics of Failure) due to
corrosion and abrasion. Offline accelerated ageing ex-
periments using a design for experiment method, used
different sediment materials, cable types and vary-
ing loads, to provide an insight into the influence of
varying friction forces and combinational factors on
rates of degradation. Figure 3 illustrates the integra-
tion of the new data sources, not including the DTS
and PD monitoring, into the desktop tool that contains
the fusion model. Figure 3 shows that the Mean Time
Between Failure (MTBF) and Time to Failure (TTF)
data is captured for the, unaccounted for, primary fail-
ure modes.

Desktop Analysis Tool
• Predict MTBF & TTF
• Database for captured data

Random Failures
• Mean Time Between Failure (MTBF)
• Based on field data
• Function of fishing activity

Wear Out Failures
• Total time to failure (TTF)
• Based on abrasion/corrosion
• Based on tidal flow

Field Data
• Impacts on cable
• Fishing activity
• Data from PHM Sensors

Tests
• Wear rates
• Corrosion rates
• Accelerated ageing

Figure 3: Integration of Data into the Desktop Analysis Tool
(adapted from [19])

In order to predict random events, historical failure
data is needed to identify the relationship between the
failure rates with some key input parameters. Based
on the historical data analysis and literature, the key
input parameters for predicting the random failures
are identified as: shipping frequency and the water
depth. As the historical failure data for random events
is difficult to find in the public domain, the desktop
analysis tool provides the ability to gather data on
field failures as a function of shipping activity and
water depth. Initially the data available may be sparse,
but with the embedded impact monitoring within the
monitoring collar, this data will become available.
Once the historical failure data for random events be-
comes available, the relationship between the failure
rates with the input parameters can be constructed us-
ing probability theory or mathematical models.

The Fusion Prognostic model was verified through
blind testing using 10 case studies with an acceptable
error of 5% in lifetime prediction e.g. 2-3 months, of
actual RUL. A cost benefit analysis of the desktop tool
indicated initial savings of 30% from current opera-
tion and maintenance costs.

5 ACCELERATED AGEING ANALYSIS OF
ELECTROMAGNETIC RELAYS

A key challenge for asset managers across a myriad of
industrial applications is how to ensure that the cor-
rect contextual data is being captured and analysed,
especially where minimal or no data is available. In
such cases accelerated ageing tests can be used to gen-
erate data that not only improves the understanding of
asset failure mechanism, but also grants the possibil-
ity of benchmarking the operational data against lab
generated data. This is where the opportunity for fu-
sion prognostics exists. In addition, such tests address
the widespread issue of skewed datasets in machine
learning algorithms (models biased towards majority
labels) allowing for a selection of specific precursors
to failure in a conservative manner, nursing the idea of
front-end intelligence. The present case study looks at
front-end low data rate sampling of electromagnetic
relays failure modes and mechanisms. In this case
study, we focus on the sprung armature/magnet con-
figuration, specifically on the railway standard relay



Barnbrook BV 416. A total of 6 relays were analysed
under accelerated ageing tests, recording the voltage,
current, temperature, resistance, duty cycle and fre-
quency for precursor failure mode identification pur-
poses. Typically, in literature, the main form of con-
dition degradation for spring armature/magnet relays
is associated with electrical erosion of the relay con-
tacts, however there are other factors worth mention-
ing as seen in Table 1.

Table 1: Experiment Results Failure Modes

Voltage
[V]

Actuations
to Failure

Failure Mode

20 7.5×106 Contact Erosion
22 4.8×106 Excessive Opening Time
24 8.2×106 Contact Erosion
26 4.3×106 Excessive Opening Time
28 105×103 Pit & Crater
30 98×103 Pit & Crater

An in-depth analysis identified that CE failure
follows from arcing that occurs between the con-
tacts causing material transfer from cathode to anode,
eventually resulting in the contact to either fail-open,
or fail-close [20]. The first stage began with an inves-
tigation into FMMEA. The FMMEA was conducted
using information from the literature, available his-
torical data and consultations with the manufacturer.
The primary findings indicate that contact arc erosion
is high on the criticality list, followed by medium
causes such as magnetic coil failure, spring failure,
broken control line and clapper jam. In addition, when
it comes to the probability of failure, contact erosion
is deemed high, while all other failure causes are con-
sidered low, for this reason, the experiments concen-
trated on failure of the relay contacts. Upon consulta-
tions with the manufacturer, failures typically occur at
the high end of the rated voltage band, hence the ac-
celerated ageing test performed used a fixed current
and a variable voltage approach.

The experimental set-up included an isolation
chamber for the relay and the data capture equipment,
both being powered from the outside. A variable volt-
age switch mode power unit was used along with a
4Ω 2kW variable resistance acting as a load. Data
capture was recorded on a PC using a NI Compact
DAW data acquisition unit interfaced with LabView
via USB connection. Each relay was loaded with a
closed current of 10A and a voltage from 20V to 30V
incremented by 2V between tests The relay’s physi-
cal open/close time was identified to be 30ms so the
square wave driving the relay was chosen to be 5Hz
(200ms) to allow settling time and thus ensuring to
absorb increases in either open or close time. These
frequencies align with the intent to demonstrate that
valuable information can be extracted from low data
rates with inexpensive equipment. The data capture
rate was selected to be compatible with off the shelf
micro-controllers. Moreover, low data rates reduce

the size of data sets collected over long time period
ageing tests, thus preventing large storage demands
while simultaneously decreasing computational de-
mands.

Features extracted through post-processing of test
data include the open/close times, differential tem-
perature and contact resistance, all assisting in failure
mode identification as tabulated in Table 1. The fail-
ure modes have been classified as: Stuck Open Failure
(SOF), Stuck Closed Failure (SCF) and Unacceptable
Opening Time Failure (UOTF). In order of the most
to least common the classes observed were SOF fol-
lowed by SCF and UOTF. The SOF was identified as
abnormal spikes in resistance that occur in the last 1.5
million actuations prior to failure coupled with a re-
duction in average close time. Furthermore, the SCF
has been predicted to within 150,000 cycles, as a re-
sult of reduced average open time and sharp spikes
in case temperature, especially at the higher end of
the tested voltage (28V and 30V). UOTF is a harder
fail condition to quantify as it is application depen-
dent. In the experiments an average current exceeding
+30% tolerance was deemed as unacceptable, how-
ever certain applications might require smaller toler-
ances. Such failures have been associated with a de-
sign malfunction, a spacer wearing down which was
confirmed by Barnbrook Systems as well as micro
welding of the contacts due to arcing. Predicting the
mechanical wear was out of the scope of the work,
however a regression model based on larger experi-
mental datasets could be used to identify a trend in
the opening time increase.

A detailed offline analysis using white light inter-
ferometry, Scanning Electron Microscope and Energy
Dispersive Analysis was performed and reinforces
the association of the described failure modes with
erosion, pit and crater formation as well as material
transfer. These results also correlated well with find-
ings from previous research. Based on the informa-
tion from this study it is feasible to develop a con-
dition monitoring and prognostics system, however
further challenges exist. Identification of the failure
precursors is initial development work though the sta-
tistical failure distribution must also be developed
through parallel testing of the relays. Extracting the
open/close time and resistance on capture via FPGAs
rather than in post processing mode is the foundation
of the algorithm prototyping stage. An FPGA could
be used to extract features from each relay and pre-
pare them in easily readable packets for a more pow-
erful central processing unit to yield the RUL. Like-
wise, the RUL algorithm should be developed to pro-
vide a user with a hazard rate or failure probability.
Given the nature of the testing conducted, a physics of
failure model of contact degradation can also be cre-
ated as complementary to the RUL algorithm, result-
ing in a comprehensive fusion prognostics approach.
The aim of an integrated and adaptive front-end man-
agement system is worth pursuing as demonstrated by



this case study and the techniques developed so far
build the foundation to enable it.

6 CONCLUSION AND FUTURE WORK

In this paper we have reviewed the need for resilience
and sustainability within global energy systems. A
case for PHM playing a central role in realising this
is presented through a review of the state of the art
in PHM methods. Three case studies demonstrate the
accuracy of the different PHM methods and how they
are applicable to different applications and assets. It
is evident that the PHM methods need to be tailored
to the application and available data sets.

The authors believe that future research within
prognostic and health management techniques will
centre on front end embedded intelligence to support
the challenges of data analysis, data integrity and real-
time adaptive requirements within complex systems.
Research will focus on the trade-offs between accu-
racy and computational demand to enable front end
micro-controllers and FPGAs to undertake health as-
sessment and adaptive controls. Integrated front end
analysis will support future centralised knowledge
based asset management systems. This approached is
likely to be favoured over backend data analysis due
to challenges associated with latency, big data storage
and analysis.
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