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Summary

Condition monitoring assesses the operational health of gas-turbine engines, in order to provide early warning
of potential failure such that preventative maintenance action may be taken. Gas-turbine engine manufacturers
are increasingly offering a “service-based” approach to marketing their products, in which their customers
are guaranteed certain availability of the engine after purchase. To achieve this, manufacturers take on the
responsibilities of engine condition monitoring, by embedding health monitoring systems within each engine
unit and prompting maintenance actions when necessary.

This report describes preliminary research into condition monitoring approaches for modern gas-turbine
aircraft engines, and outlines plans for novel research to contribute to machine learning techniques in the
condition monitoring of such systems, leading to the D.Phil. degree.

A framework for condition monitoring of aircraft engines is introduced, using signatures of engine vibration
across a range of engine speeds to assess engine health. Inter- and intra-engine monitoring approaches are
presented, in which a model of engine normality is constructed using vibration data from other engines of its
class, or from the test engine itself, respectively.

Results of inter-engine analysis of final engine vibration tests prior to their release into service are presented,
showing that the approach described within this report provides a more reliable estimate of engine condition
than manufacturers’ conventional engine vibration tests, leading to better discrimination between “good” and
“bad” engines.

Intra-engine analysis of an engine undergoing cyclic endurance testing, in which a set operational manoeuvre
is performed repeatedly, shows that the method described in this report provides early warning of engine failure
that eventually resulted in a hazardous engine fire, undetected by engine developers until it had to be shut down
manually.

Future research is planned in application of this condition monitoring framework to an engine currently
under development, improving upon existing methods and investigating new approaches, ultimately leading
to the formulation of a general “black box” monitoring approach that can learn a model of system normality

without prior knowledge of that system.
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Chapter 1

The Need for Condition Monitoring

1.1 Introduction

Gas-turbine engines are critical to the operation of most industrial plants, aircraft, and heavy vehicles such
as military armour and transport ships, and their associated maintenance costs can be high. Traditionally,
operators of gas-turbine engines have attempted to reduce these costs by performing preventative maintenance
actions at fixed intervals, in an attempt to avoid potential engine failure. More recently, gas-turbine engine
manufacturers have been adopting a condition monitoring approach instead, in which intelligent data analy-
sis systems are employed to assess the “health” of engine components. The engine’s maintenance needs are
determined according to its operating condition, rather than maintenance being performed at fixed periods of
time.

These engine health monitoring systems typically process data from engine-mounted sensors. Early warning
of potentially hazardous engine conditions may result, the hope being that precursors of component failure may
often be identified in advance of actual failure. This is a prognostic approach to condition monitoring, and is
useful for types of faults that may be prevented if identified soon enough. Faults for which there are no such
precursors (e.g., a “bird strike”, in which a bird impacts an engine fan) require a diagnostic approach. Such
systems automatically identify engine faults that have occurred, and may recommend restorative maintenance
actions appropriate to the type of fault.

Gas-turbine engine manufacturers are increasingly offering a “service-based” approach to marketing their
products, in which their customers are guaranteed certain availability of the engine after purchase. To achieve
this, manufacturers take on the responsibilities of engine condition monitoring, by embedding health monitoring
systems within each engine unit and prompting maintenance actions when necessary.

Condition monitoring techniques are also applied to engines during the development process, and throughout
product testing. During development, engines are typically re-built and tested many times. Assessment of

component health during this process can avoid component damage and potential hazards.



1.2 Aerospace Gas-turbine Engines

This report is concerned with the condition monitoring of gas-turbine engines within the aerospace industry.
These engines typically consist of a compressor section at the front of the engine that draws in air, pressurises
it by up to forty times atmospheric pressure, and then delivers it to a combustion chamber at the rear. Fuel
and compressed air are mixed and ignited within the combustion chamber, before being expelled from the rear
of the engine, where the rapidly-expanding heated gas provides motive force. Rear-mounted turbines extract

energy from these exhaust gases to drive the compressor section, to which they are connected via a shaft.
1.2.1 Stages of Compression

Modern aerospace gas-turbine engines divide the task of air compression from atmospheric pressure to that
ultimately required within the combustion chamber into several stages. Many gas-turbine engines within the
civil aerospace market involve three consecutive compression stages: the low pressure (LP),intermediate pressure
(IP), and high pressure (HP) stages [58]. Air passes through each stage as it travels from the front of the engine
to the rear, being further compressed by each, until it reaches the combustion chamber.

Each of the compressor stages is driven by its own turbine assembly, resulting in three corresponding turbine
units situated within the exhaust stream at the rear of the engine. Each compressor is linked to its corresponding
turbine by a separate shaft, which are mounted concentrically. In three-compressor engines, these are named
the LP shaft, the IP shaft, and the HP shaft. The operational point of the engine is often defined in terms of

the rotational speed of these shafts.

1.2.2 Engine Vibration Measurement

Transducers are mounted on various points of the engine assembly for the measurement of engine vibration.
Vibration data used for investigations described in this report were acquired using a system [26] that computes
Fast Fourier Transforms (FFTs) representative of engine vibration every 0.2 seconds, for each sensor output.
Engine vibration is assumed to be pseudo-stationary over this measurement period such that the generated
FFTs are assumed to be close approximations of actual engine vibration power spectra.

A tracked order is defined [24] to be the amplitude of engine vibration measured within a narrow frequency
band centred on the fundamental or a harmonic of the rotational frequency of a shaft.

During normal engine operation, most vibration energy is present within tracked orders centred on the
fundamental frequency of each rotating shaft; we define these to be fundamental tracked orders. Using the
terms LP, IP, and HP to refer to engine shafts, we define fundamental tracked orders associated with those

shafts to be 1LP, 1IP, and 1HP, respectively.



Significant vibration energy may also be observed at harmonics of the rotational frequency of each shaft.
These harmonic tracked orders may be expected to contain less vibration energy than corresponding fundamental
tracked orders during normal engine operation. In the example of an LP shaft rotating with frequency 400 Hz,
harmonic tracked orders may be observed at frequencies 400n Hz, for n = 0.5,2,3,4,.... We define these
harmonic tracked orders of the LP shaft to be 0.5LP, 2LP, 8LP, /JLP, ....

The system used to acquire data for the investigations described within this report automatically identifies
peaks in vibration spectra corresponding to fundamental and harmonic tracked orders, using measurements of
the rotational frequency of each shaft. From these peaks, a time series of vibration amplitude and phase for

each tracked order is generated.

1.3 Existing Techniques for Condition Monitoring of Aerospace Gas-
turbine Engines

1.3.1 Standard Methods

Guidelines for the production of condition monitoring systems applied to aircraft gas-turbine engines have been
available for over twenty years [59-61]. Engine monitoring is performed using either “on-line” systems, mounted
within the aircraft, that perform analysis of engine data during flight, or “off-line” ground-based systems, to
which engine data is downloaded from the aircraft at the end of a flight.

On-line condition monitoring systems are subject to strict certification requirements from international
aviation authorities. The cost of producing systems to these required standards is very high, primarily due to
the technical challenge of suppressing the large numbers of false alarms generated by many condition monitoring
algorithms [75]. Methods currently used in on-line condition monitoring are relatively simple due to these
constraints.

Off-line condition monitoring systems are limited by the amount of engine data that may be transferred
from an aircraft. Typically, data storage and transfer costs are high, which constrains the quality and quantity
of data available to ground-based monitoring systems in commercial use.

Standard methods of engine condition monitoring involve comparison of recorded engine parameters with
fixed operational limits set by engine manufacturers [61], or simple univariate analyses in which trends in engine
data are monitored in order to detect sudden shifts in operational behaviour, often indicators of potential
failure [27].

Current research on the condition monitoring of aircraft engines is focussed on providing more sophisticated
methods of reliably determining engine condition and resulting maintenance recommendations, within the con-

straints of on-line and off-line monitoring systems. The following sections describe the general areas of current



research.
1.3.2 Fault Diagnosis using Expert Systems

Expert systems aim to capture the knowledge of domain experts, typically from engine manufacturers, in order to
diagnose faults from engine data and recommend appropriate maintenance actions. A typical software package
commercially available for this purpose is the TEXMAS system [11].

The accuracy of diagnosis may be improved through the construction of ever-larger databases of fault
information for gas-turbine engines [7,74]. CASE-based Reasoning (CBR) uses the intuition that solutions to
new problems are likely to be similar to previously encountered problems of a similar nature. In this approach,
a user-friendly software environment is utilised to capture expert knowledge and manage fault diagnoses. This
can then be used to provide coordinated construction of expert-system databases for monitoring engines in civil
aircraft between many different sites [48], using a framework for distributed Internet-based data analysis [19, 30].
CBR has also been applied to the management of the maintenance process for gas-turbine engines in military
aircraft [1,23].

However, the CBR approach is limited by the variation in operational behaviour between classes of aircraft
engine, and even variation between engines of the same class, which can render the use of general fault databases
ineffective when diagnosing engine-specific faults.

To avoid costs associated with reconstructing expert system databases for use with individual engines, the
automated generation of the logical rules in the expert-system databases using “soft computing” techniques has
been proposed.

“Fuzzy” expert systems consisting of fuzzy logic rules for characterising engine-specific faults have been
combined with data-mining techniques [18] in which rules are formulated from trends in the value of measured
engine parameters [81]. Performance parameter measurements are divided into segments modelled using linear
regression, and described using clauses of fuzzy logic. Rules for diagnosing engine faults are formed using these
fuzzy descriptions of each segment.

Within a conventional expert system, neural network methods have been used to match features detected
in performance parameter signals with diagnosis rules [12,14]. These methods have also been applied to fault
diagnosis of space shuttle engines [54], and to military armour [22]. Here, diagnoses are created by combining
sets of rules (comparing sensor output to fixed operational thresholds) and the outputs of a neural network
classifying engine operation into one of several states (idle, full power, &c.).

The combination of expert system databases from multiple engines of the same class has been attempted,

aiming to generate systems that might generalise to other engines of that class [50].



1.3.3 Thermodynamical and Frequency-based Modelling

Thermodynamical models of gas-turbine engines have been used for condition monitoring by comparison of a
model derived from actual engine data (usually temperatures and pressures) with a model constructed from
the thereotical relationship between those engine data [66]. The residual error between the two models may be
used to identify possible engine failures [41].

Such methods combine a theoretical approach to thermodynamical model construction with knowledge
derived from engine testing [53]. Models derived using finite-element analysis have been used in the condition
monitoring of helicopter engines [21]. Linear flow models have been constructed from fuel-flow data and applied
to condition monitoring of the engine combustion system [35].

Frequency-domain approaches to modelling engine parameters have been used in fuel-flow monitoring [17],
exhaust gas monitoring [67], and more general diagnosis of engine faults [28,80]. These models have been
combined with auto-regressive, moving-average (ARMA) models for fuel-flow monitoring [9], and for analysis

of engines used in industrial plants [6].
1.3.4 Statistical Pattern Recognition and “Soft Computing” Approaches

Determining engine condition by comparison of engine data with a model of normal behaviour may also be
achieved using “soft computing” methods of model creation, such as neural networks, or using statistical pattern
recognition techniques.

These methods offer the advantage that engine condition may be assessed without detailed theoretical system
models. These data-driven approaches can be used to construct models of engine behaviour directly from engine
data [16], in contrast to rule-based approaches that encode expert knowledge, and may be adapted for use with
individual engine units, providing engine-specific condition monitoring. However, these methods can be sensitive
to the quality and quantity of example data from which models of engine operation are constructed.

Neural networks have been used to identify abnormalities in the operation of gas-turbine engines within
industrial plants [69, 70], in space shuttle engines [42], and in engines used by heavy ships [29].

The support vector machine (SVM) method, a statistical pattern recognition approach [77], has been used
to identify examples of “abnormal” engine vibration behaviour from a “normal” training set in aircraft engine
production tests [24,65], and in water-pump gas-turbine engines [73]. These one-class classifiers learn a model
of normality from a training set of normal examples, and identify patterns that fall outside that class as
“abnormal”, in comparison with multi-class classifiers, which require approximately equal numbers of examples
for each class.

Other methods of constructing models of normal engine behaviour within engine production tests using



data-driven techniques have been successfully demonstrated using data from military aircraft engines [45, 46].
Automated extraction of patterns describing normal and abnormal gas turbine engine operating conditions

with engine vibration data has been investigated [2], set within a general fuzzy-neural analysis framework [3]. .
1.4 Overview of this Report

Analysis of engine tracked order vibration is believed by engine developers to provide useful indication of
engine operational health. Many modes of engine failure affect observed tracked order vibration, and thus the
assessment of engine condition through analysis of tracked order vibration can provide an indication of these
failures.

Chapter 2 presents a framework for the condition monitoring of aerospace gas-turbine engines using tracked
order vibration data. Several alternative, and complementary, general approaches to condition monitoring are
described.

Chapter 3 presents an investigation of a condition monitoring method in which the operational health of an
engine is determined with respect to the “normal” operation of a whole class of engines, within the framework
presented in the previous chapter. The method is extended to the analysis of the Rolls-Royce Trent 500 engine,
showing that engines known to be operating abnormally are correctly identified.

Again within the framework described in Chapter 2, an investigation of an engine-specific method of condition
monitoring is presented in Chapter 4, using engines of the Rolls-Royce Trent 900 class. Early warning of
hazardous engine conditions is shown to be possible using this method.

Conclusions are drawn in Chapter 5, with extensions to the described techniques considered. A plan for
future work is discussed, with the ultimate goal of investigating condition monitoring methods for automatically

learning a description of “normal” behaviour of a gas-turbine system.



Chapter 2

Novelty Detection for (Gas-turbine
Engines

2.1 Introduction

Examples of abnormal aircraft engine behaviour are few in comparison to the quantity of examples of normal
behaviour, due to the rarity of engine failure. Nowelty detection, in which departures from a model of normality
are identified, is particularly suited to the condition monitoring of aircraft gas-turbine engines. A model of
normality is constructed from normal engine data, departures from which are classified as “abnormal” events.
This single-class approach to monitoring is appropriate due to the many possible modes of engine failure, of
which the effects on engine state are not precisely defined, and which may vary from engine to engine.

This chapter introduces two complementary approaches to modelling normal engine behaviour. A framework
is presented in which the resulting normal models may be used to identify the occurrence of abnormal engine

behaviour.

2.2 Modelling Normality

2.2.1 Approaches to Constructing Models of Normality

Two approaches to constructing a model of engine normality are introduced:

1. An intra-engine approach: a model of normality is constructed using data from a single engine. This
engine-specific model may then be used to identify “abnormal behaviour”, defined as departures from
normality, in subsequent data from that same engine. Thus, assessment of engine abnormality is performed

by comparing it to its own previously normal behaviour; i.e. “the engine is its own control.”

2. An inter-engine approach: a model of normality is created using data from more than one engine. Typi-
cally, the engines used to construct the model of normality are of the same class (e.g. the Trent 900 class),

and the model is assumed to represent the normal behaviour of that engine class. Thus, in this approach,



the abnormality of engine operating characteristics is assessed by comparison with a class-specific model

of normality.

Advantages of Intra-engine Novelty Detection

The intra-engine approach requires sufficient normal data to construct a model of normality from a single
engine. It is typically used when an engine is expected to be operated for long durations, in order to produce
the required quantity of data.

An engine-specific model of normality may provide better characterisation of an engine’s normal behaviour
than a generic model, as illustrated in Figure 2.1. Behaviour which is abnormal for a single engine may be
considered normal for the entire class of engines, due to the variability in operating characteristics between

engines of the same class.
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Figure 2.1: Normal behaviour for a single engine (region B) may cover smaller regions in data space than normal
behaviour for the entire class to which that engine belongs (region A). Region C represents an area of the data
space which is abnormal with respect to the single-engine normal region B, yet which is normal with respect
to the class-wide normal region A.

The figure shows an example data space for two variables x; and 2, in which region A represents the area
of data space corresponding to normal behaviour for the entire class of engines. A single example engine from
that class has normal behaviour corresponding to region B in the data space. Region B is a subset of region A
in this example, due to the normal behaviour of the single engine being less variant than (and a subset of) that
of the entire engine class.

The advantages of the intra-engine approach are illustrated in the figure by considering the classification
of region C, which corresponds to an area of the data space that would be considered abnormal for the single
example engine (with respect to that engine’s region of normality, region B). An intra-engine approach to novelty
detection, in which data from region B may be used to generate a model of normality, would result in data from

region C being correctly classified as abnormal for that engine.

If an inter-engine approach were adopted, a model of normality may be constructed from the whole class



of engines, corresponding to region A. Using that model for novelty detection would incorrectly classify those

same data from region C as normal.

Advantages of Inter-engine Novelty Detection

The inter-engine approach to construction of a model of normality is appropriate in situations when there are
insufficient data available to construct an engine-specific model of normality.

One such example situation in which an inter-engine approach is appropriate for determination of engine
abnormality is final product testing prior to release of Rolls-Royce aircraft engines into service. A pre-defined
test manoeuvre is performed by the engine, over a period of four minutes. The quantity of data recorded during
this test may be insufficient to construct an engine-specific model of normality, due to the short duration of the
test. Instead, a generic model may be generated using data recorded from many example engines previously
performing the same test manoeuvre.

Engines sold to customers must operate within generic (class-specific) bounds of normality (corresponding
to region A in the figure). Thus, even though each engine has slightly different characteristics, the abnormality
of tests from engines of the same class performing the test manoeuvre may be determined with respect to the

generic model of normality.
2.2.2 Supervised and Unsupervised Modelling of Normality

In both the intra- and inter-engine approaches to novelty detection, a model of normality is constructed using

data which are deemed to represent normal engine operation in one of two ways:

1. Supervised model construction: normal data are labelled as such by an expert in the domain (typically

an engine manufacturer or analyst, when the method is applied to gas-turbine engines).

In an intra-engine approach to condition monitoring, this could correspond to labelling normal periods of

operation within data recorded from a single engine.

In an inter-engine approach, the engines from which example data are taken may be partitioned into

“normal” and “abnormal” sets of engines.

2. Unsupervised model construction: no labelling of normal data is available, and so the determination

of data normality must be made by other means.

In an intra-engine approach to novelty detection, it may often be assumed that an initial period of engine
operation is normal, from which a model of normality is generated, whilst subsequent periods of operation

are compared with that model.



In an inter-engine approach, the relative similarity of examples of engine behaviour derived from different
engines may be assessed; those which differ significantly from the majority may be deemed abnormal, and

not used to generate the model of normality.

During construction of a model of normality, available a priori domain expertise may be exploited to best
characterise normal engine behaviour. It may be anticipated that a supervised approach to the construction
of a normal model would be more likely to provide a more accurate characterisation of normality than an
unsupervised approach.

This report presents examples of both intra- and inter-engine approaches using supervised learning. Exten-
sion to fully-unsupervised learning, in which models of normality are automatically learned from a system with

limited or no a priori knowledge of that system, is considered as future work within Chapter 5.
2.3 Novelty Detection using TORCH

Constructing a model of normal engine behaviour may be performed by characterising tracked order vibration
corresponding to normal engine operation. This section presents a framework for engine vibration analysis
based upon “Tracked ORder CHaracteristics” (a Rolls-Royce acronym referred to as TORCH). The notion of
constructing a speed-based representation of tracked order vibration is introduced. The use of TORCH for inter-
and intra-engine monitoring, on both a sample-by-sample or episodic basis, is discussed, with the limitations of

each technique also considered.

2.3.1 TORCH Vibration Signatures

We define a TORCH wvibration signature to be the vibration amplitude and phase of a tracked order measured
over a range of speeds of the corresponding shaft [24]. For example, a TORCH signature may be constructed
from vibration data associated with the 1HP tracked order measured as a function of the speed of the HP shaft.

Amplitude and phase of tracked order vibration are measured across the speed range [0% 100% maximum
speed] of the corresponding shaft. This speed range is subdivided into B equal bins. Typically B = 400, and
each bin corresponds to a 0.25% sub-range of the maximum shaft speed. Within each bin b = 1... B, the
mean and variance (1, 07) of vibration measurements occurring within that bin’s sub-range of shaft speeds are
computed.

Phase and amplitude of vibration are considered separately, resulting in two TORCH vibration signatures
for each tracked order. Vibration phase measurements are known to exhibit high variability within some
sub-ranges of shaft speeds [40]. Separation of vibration phase and amplitude signatures allows analysis of

vibration amplitude independent of vibration phase, which may otherwise dominate the analysis due to this
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high variability.

An example TORCH vibration amplitude signature of a 1LP tracked order is shown in Figure 2.2. The
figure shows mean vibration amplitudes py,, and pp + 30, (i.e. £ three standard deviations) for an example
Trent 900 engine. The signature was constructed from 200 hours of flight data recorded over a period of one

month.
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Figure 2.2: Vibration amplitude signature of the 1LP tracked order, for an example Trent 900 engine. Mean
My, and pp + 30, vibration amplitudes within bins b = 1...400 are shown in blue and red respectively.

The figure shows that the engine from which the vibration signature was generated was operated in the
range [0% 85%] of maximum shaft speed, and that the mean vibration amplitude for the 1LP tracked order of
this engine (shown in blue) tends to increase with increasing speed of the LP shaft.

TORCH signatures may be constructed for any selection of engine tracked orders. Typically, fundamental
tracked orders (i.e. 1LP, 1IP, and 1HP in an engine containing three shafts) are used to generate signatures, being
those tracked orders that may be expected to contain most vibration energy during normal engine operation.
The selection of the set of tracked orders from which to generate TORCH signatures is not discussed further in

this chapter.
2.3.2 Using TORCH Signatures to Construct a Model of Normality

A model characterising normal tracked order vibration may be constructed from TORCH vibration signatures.
These signatures are derived from a single engine in the case of intra-engine analysis, or from multiple engines
of the same class in the case of inter-engine analysis.

Inter-engine analysis requires normalisation of signatures, to allow the comparison of TORCH signatures
derived from different engines, and is considered in Section 2.3.4. Further TORCH vibration signatures (termed
test signatures) may be compared to the model of normality in order to determine their relative abnormality.

In an intra-engine approach, test signatures are derived from the same engine used to construct the model of

11



normality. In an inter-engine approach, test signatures are derived from an engine of the same class as that used
to construct the model of normality. If a TORCH signature differs significantly from the model of normality, it
is classified as “abnormal”.

Figure 2.3 illustrates the process of model construction and novelty detection. A model of normality is
shown in this example to be constructed from TORCH vibration signatures 1 to n. Test TORCH signatures
are then compared to that model. The novelty detection process categorises each tested TORCH signature as
being either “normal” or “abnormal” (as shown in the figure), and novelty scores, which are defined below, as

calculated for each signature.

TORCH j . .
vibration Sig 1 Sig 2 Sign Test Sig

signatures

\

[ Model Generation J

A

A

Novelty

Model of Normality > Detection

A

Novelty Score
&
Normal/Abnormal
Classification

Figure 2.3: Model construction and novelty detection using TORCH signatures. Signatures 1 to n are used to
generate a model of normality. Test signatures from the same engine are then compared to that model.

2.3.3 Calculating Novelty Scores from TORCH Signatures

The novelty score of a TORCH vibration signature with respect to a model of normality is defined as a measure
of the “difference” or “distance” between that signature and the model. Definition of “distance” is deferred to
the detailed descriptions of inter- and intra-engine methods in Chapters 3 and 4, respectively.

Thus, signatures which differ significantly from those used to construct the model of normality will be
assigned high novelty scores, whilst signatures which are similar to those used to construct a normal model will
be assigned low novelty scores. TORCH signatures with novelty scores higher than some threshold score H,,

are classified “abnormal”.
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Setting the Novelty Score Threshold

The value of H,, is selected to best separate TORCH signatures labelled “normal” from those labelled “ab-
normal”, where that labelling results from the use of either supervised or unsupervised means, as described in
Section 2.2.2.

Each TORCH signature classified as “abnormal” is either a true positive (I'P) or a false positive (FP).
Similarly, “normal” classifications of TORCH signatures may be defined to be either true negative (T'N) or
false negative (FN).

The sensitivity S of a classifier of TORCH signatures is defined to be:

TP

S=TPTFN

(2.1)

i.e. the proportion of all truly abnormal TORCH signatures that were correctly classified. The positive predictive

value PPV of the classifier is defined to be:

TP

PPV =— .
v TP+ FP’

(2.2)

i.e., the proportion of correct classifications of TORCH signatures as “abnormal”, with respect to all such
classifications.

Selecting an optimal value for H, corresponds to optimising S and PPV according to the costs associated
with false negative and false positive classifications.

Applications in which a false negative classification carries a higher cost than a false positive classification
require maximising S, while tolerating sub-optimal values of PPV. An example application of this type is a
system used to identify cancerous growths in tissue samples, in which failure to detect a cancer (a false negative
classification) is more unacceptable than a false positive classification.

Conversely, applications in which a false positive classification carries a higher cost than a false negative
classication require maximising PPV while accepting sub-optimal values of S. Systems for the identification of
abnormal operating conditions in gas-turbine engines are of this type: the cost associated with a false positive
classification is high, often involving significant examination of equipment and maintenance processes.

Therefore the value of H,, in systems for the classification of TORCH signatures is selected such that PPV

is maximised.

Generalising to Test Data

It is desirable that the performance of a classifier (defined in terms of S and PPV') is acceptable when presented
with TORCH signatures derived from previously unseen data; i.e. the classifier must be able to generalise to

test data.
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Verifying the ability of the classifier to generalise requires a set of test data, distinct from the data used to
construct the model of normality. Sufficient data must be provided both to construct the model of normality,
and to test the generalisation performance. There is no accepted method of quantifying these data requirements,
though heuristic methods of doing so are presented in the detailed descriptions of inter- and intra-engine TORCH

signature analysis in Chapters 3 and 4, respectively.

2.3.4 Inter-engine Analysis using TORCH Signatures

Vibration signatures derived from different engines must be normalised before they can be compared. Results of
applying various normalisation schemes to TORCH signatures for inter-engine comparison are presented within
Chapter 3. The use of normalisation in the process of inter-engine model construction and novelty detection is

illustrated in Figure 2.4.

TORCH
vibration Engine 1 Engine2 | - Engine n Test Engine

signatures

Normalisation

Normalised
TORCH
vibration

signatures

Engine 1 Engine2 | - Engine n Test Engine

( Model Generation 1

Novelty
Model of Normality Detection

Novelty Score
&
Normal/Abnormal
Classification

Figure 2.4: Inter-engine model construction and novelty detection including normalisation for the comparison
of TORCH signatures from different engines.

A TORCH vibration signature consists of both mean and variance (p,0%) of either vibration phase or
amplitude, for b = 1... B shaft-speed bins, as defined previously. In normalising a TORCH signature, it must
be ensured that appropriate normalisation is applied to y;, and o7. Chapter 3 presents a method for the inter-
engine analysis of TORCH signatures which uses only the mean values ;. Inclusion of variance values O'g is

considered as future work, within Chapter 5.
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Chapter 3

TORCH for Inter-engine Analysis

3.1 Introduction

Section 2.3.4 introduced the notion of inter-engine analysis of engine condition using speed-based signatures
of engine vibration. This approach may be applied to vibration data measured during engine testing prior to
product release, termed pass-off testing, referring to testing in which an engine is “passed off” prior to entry
into service. A method of performing inter-engine analysis using such data has been developed and results are
presented in this chapter.

Previous work [46] has described a method of analysis using speed-based engine vibration signatures recorded
from a two-shaft gas-turbine engine, the Rolls-Royce Pegasus. In this chapter, the method is extended to the

pass-off testing of a civil three-shaft engine, the Rolls-Royce Trent 500.
3.1.1 The Need for Pass-Off Novelty Detection

Approximately 10% of Trent 500 engines exhibit unusually high vibration levels within the HP-shaft [4], which
must be identified during pass-off testing before product release.

With present pass-off testing, Trent 500 engines are released for service if the maximum engine vibration level
measured at any speed is below a pre-specified contractual limit. The current 10% rejection rate of Trent 500
engines occurs as a result of the maximum vibration level of the HP fundamental tracked order exceeding the
contractual vibration limit.

Novelty detection, defined to be the identification of departures from normality, could be applied to the
shape of vibration signatures from these engines. As described in Section 2.3.4, a model of normality can be
constructed from TORCH vibration signatures from a large number of engines. Novelty detection can then be
applied to new vibration signatures to determine how close they are to the model of normality.

This could identify engines which pass the simple contractual test but whose vibration signature is signf-
icantly different from the signatures found in a “normal” reference set of engines. This technique is termed

Shape Analysis, and is the subject of this chapter.
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3.2 Data Set of Vibration Signatures

3.2.1 Signatures for Acceleration and Deceleration

During pass-off testing, a Trent 500 engine performs a controlled two-minute acceleration from idle to maximum
speed, followed by a two-minute deceleration back to idle. The vibration amplitude levels of the fundamental
tracked orders are recorded during these tests, from which the speed-based vibration signature is constructed
for each engine shaft.

An example vibration signature from the data set used in this investigation, plotted against shaft speed, is
shown in Figure 3.1. Note that, as described in Section 2.3.1 the signature for each fundamental tracked order
is constructed with respect to the percentage speed for that shaft; the amplitude of vibration of the HP shaft
is plotted against the percentage of maximum speed for that shaft. Figure 3.1 illustrates the lack of vibration
measurements below 65% HP shaft speed: the HP shaft is operating at sub-idle speeds below this point, and

no vibration data are collected for those speeds.

0.16

0.12f q

1HP Vibration (in s 1)

0.1r q

0.06 - q

0.04 q

0.02 q

0 . . . . . . .
60 65 70 75 80 85 90 95 100

% HP-Shaft Speed

Figure 3.1: Vibration signature for HP shaft acceleration, engine 71100.

3.2.2 Illustration: HP Shaft Acceleration

The data set used in the investigation described in this chapter consists of 71 engine examples recorded during
pass-off tests, as shown in Table 3.1. Each example contains an acceleration and a deceleration signature of
shaft vibration, for the LP, IP, HP, and radial drive shafts. The latter is a shaft connected to the HP shaft by
a geared mechanism, used to provide initial drive to the HP shaft during engine start-up. The results of the
analysis of the HP shaft acceleration vibration signatures are described in detail in this chapter, with results
from the other shafts reviewed at the end of the chapter.

The four sub-sets of engine examples shown in Table 3.1 were each recorded from a different source of pass-off

tests:
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Sub-set Dates Number of Examples | Engine Numbers
A 24/02/2003 - 27/08/2003 45 71100 - 71160
B 09,/04,/2002 - 30/09/2003 11 71045 - 71170
C 19/03/2003 - 21/06/2004 5 71040 - 71051
D 16,/05,/2000 - 18,/05/2000 10 70005

Table 3.1: Data sets used in inter-engine analysis of Trent 500 tracked order vibration.

Sub-set A: examples recorded from engines that were released into service following standard pass-off testing

at Rolls-Royce Plc., Derby, UK;

Sub-set B: examples recorded from engines that were rejected after failing pass-off testing at Rolls-Royce Plc.,

Derby, UK;

Sub-set C: examples recorded from engines overhauled during their service-lives, undergoing further pass-off

testing after an extended period of commercial use, at Hong Kong Aero Engine Services Ltd.;

Sub-set D: examples recorded from engines to which weights were deliberately attached to the fan during

testing, forcing it into a state of unbalance, at Rolls-Royce Plc., Derby, UK.!

Examples from sub-set D (unbalanced engines) were found to display approximately normal behaviour as
far as HP shaft vibration is concerned; the unbalance only affects the LP shaft (with very large changes in
vibration amplitude). Novelty detection applied to the HP shaft should therefore not identify examples from
sub-set D as being novel.

The initial classification of examples by source cannot be used to determine which engines represent “normal”
behaviour. Some engines that were released into service (sub-set A) exhibited vibration levels that exceeded
contractual limits?, whilst some of the overhauled engines (sub-set C) also failed their pass-off test after re-build.

Thus, the 71 examples were reclassified into four classes according to their maximum vibration amplitude

amax and the contractual vibration limit Hyiax, as shown in Table 3.2.

Class | Number of Examples Description
1 29 Examples from sub-sets {A, B, C} for which apax < 0.9Hnax
2 15 Examples from sub-sets {A, B, C} for which 0.9Hyax < amax < Huvax
3 17 Examples from sub-sets {A, B, C} for which apax > Humax
4 10 Examples from sub-set D

Table 3.2: Data sets for inter-engine analysis, after reclassification.

1Weights are deliberately applied to fan (and sometimes turbine) blades in order to correct any unbalances during rotation of
those blades about the shaft to which they are connected. In order to determine the effect upon engine vibration of adding masses
to fan blades, a small number of weights are applied, forcing the blades into a state of unbalance. Examples from Source D are
recorded from an engine undergoing this procedure.

2During pass-off testing, engine vibration levels at specified shaft speeds are compared to contractual limits. Vibration data
used in the investigation described in this report were recorded across the full range of shaft speeds at which each engine was tested,
and thus the maximum vibration levels may exceed the contractual limit.
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3.3 Vectorisation

Increasing dimensionality of data requires exponentially increasing numbers of patterns within the data set used
to construct a general model; this is termed the curse of dimensionality [5]. A TORCH vibration signature, as
defined in Section 2.3.1 consists of vibration values across a range of shaft speeds divided into 400 bins.

In order to avoid the curse of dimensionality, each signature is summarised by a shape vector x. This is
conducted by computing a weighted average of the vibration amplitude values a(s) over N speed sub-ranges [46].

The n'* dimension of shape vector x”, for n = 1... N, is defined to be:

X" = /Smax a(s)wn(8)ds (3.1)

Smin
in which the vibration amplitude a(s) is integrated over the speed range s : [Smin Smax], Using weighting functions
wn(s), forn:1...N.

The value of N must be sufficiently large to avoid the unnecessary discarding of useful signal information,
whilst being sufficiently small to avoid problems associated with the curse of dimensionality. This chapter
compares quantisation using N = 10 and N = 20 (used previously in [4]).operated during a

A histogram of the speeds at which the vibration amplitudes were measured for the entire HP shaft data
set is shown in Figure 3.2. It can be seen that a speed sub-range of [60% 100%] maximum speed is appropriate
to cover the speeds contained within the example data set. The weighting functions used are overlapping

trapezoids, as shown in Figure 3.3.

1500

1000}

500

Relative Frequency

0 20 40 60 80 100
% Speed, HP Shatft

Figure 3.2: Histogram of HP shaft speeds expressed as a percentage of maximum speed across all tests.

Examples of shape vector construction from vibration signatures is shown in Figure 3.4. Each signature has
its corresponding shape vector superimposed upon the original signature, for N = 10 and N = 20.

The effect of quantisation can be seen in the figure: peaks in vibration amplitude, at approximately 75%
maximum shaft speed in (a), at 72% and 78% in (b), and at 82% in (c), are not closely represented for N = 10
quantisation. These peaks are represented more accurately with N = 20 quantisation, though their peak

amplitude is not retained.
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Figure 3.3: Example of weighting functions (n : 1...10), used to create shape vectors.

Though detail of signal variation is discarded in the quantisation process, this investigation aims to determine
if novelty detection is successful when using the information retained in TORCH vibration signatures. The
production of novelty detection methods that are effective when applied to summarised or quantised data is
particularly important in aerospace gas-turbine analysis, in which the cost of communicating full engine data
from an engine to a ground-based system can be high. Many ground-based “off-line” systems have only a

summary of engine flight data available for analysis, due to restrictions on data transfer.

3.4 Normalisation

In order to identify changes in the shape of vibration signatures with respect to a population of normal signatures,
regardless of absolute values of vibration amplitude, normalisation has to be applied. This pre-processing
step removes dependence upon absolute amplitudes, whilst preserving information about the general shape of
signatures.

One aim of normalisation is to transform vibration signatures such that “normal” and “abnormal” signa-
tures are more easily separable. This section describes several normalisation methods, shows results of their
application to example vibration signatures (and to 10- and 20-dimensional shape vectors generated from those
signatures), and concludes by identifying the method most suitable for separating “normal” and “abnormal”

examples.

3.4.1 Normalisation Methods

Five normalisation methods were investigated for scaling vibration signatures x; (and the 10- and 20-D shape

vectors constructed from them) prior to modelling. Results of applying each method to three example vi-
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Figure 3.4: Example of shape vector generation: vibration signatures (shown in black) are used to construct
corresponding 10-D and 20-D shape vectors (shown in red and blue, respectively). (a) Trent 500 engine 71100;
(b)Trent 500 engine 71101; (c) Trent 500 engine 71104.

bration signatures and their corresponding shape vectors are presented. Of the example signatures, two are
“normal” (x,,%p € class 1), and one is “abnormal” (x. € class 3). These signatures are shown unnormalised
in Figure 3.5(a), alongside their corresponding 20- and 10-dimensional shape vectors in Figure 3.5(b) and (c),
respectively.

Signature x, shows vibration levels typical of most “normal” signatures in the data set, across all measured
shaft speeds. A further example of normal HP shaft vibration is shown by x3, in which vibration amplitude is
relatively low below 80% HP shaft speed, but which significantly increases in magnitude above 80% shaft speed.
Signature x. shows abnormally high vibration amplitude below 80% shaft speed.

The term pattern is used throughout this section to refer to either a vibration signature or a shape vector
to which normalisation is applied. A pattern is denoted x}', for the ¢ = 1...[ patterns in the data set, and
n = 1...N elements of that i*® pattern. Thus, I = 71 for the data set described in Section 3.2. When

referring to a typical TORCH vibration signature, N = 400 (as specified in Section 2.3.1); when referring to a
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Figure 3.5: Example vibration signatures: two normal (x,, X; shown in blue and black), and one abnormal
(% shown in red). (a) Original vibration signatures; (b)-(c) 20-D and 10-D shape vector representations of the
example signatures, respectively

10-dimensional shape vector, N = 10.

Unit Normalisation

Unit normalisation scales all n elements of a pattern x; such that

max(x}') = 1. (3.2)

This attempts to preserve the shapes of patterns by scaling such that all vibration amplitudes vary within
the same range, [0 1].
Unit-normalisation applied to the three example vibration signatures and their corresponding shape vectors

is illustrated in Figure 3.6.
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Figure 3.6: Example of unit normalisation applied to three vibration signatures: two normal (x,, x; shown
in blue and black), and one abnormal (x. shown in red). (a) Unit-normalised vibration signatures; (b)-(c)
unit-normalised 20- and 10-D shape vectors, respectively.

This method causes the range of variation in vibration amplitude from “normal” engines (which may consist
of generally low vibration amplitudes, such as x,) to be scaled up to the same range as for “abnormal” engines.

Pattern x, has been scaled in all three plots such that it appears to have higher normalised vibration levels

than the “abnormal” pattern x. below 80% maximum shaft speed. The abnormally high vibration levels below
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80% maximum speed in x. no longer appear abnormal. This increasing overlap between the two classes opposes

the aim of improving class separation, thus unit normalisation is unsuitable for this application.

Amplitude Normalisation
Amplitude normalisation scales all n elements of a vibration signature x; such that

N
> xp=1 (3.3)
n=1

This normalises the area under the curve of pattern x;. Application of this method to the three example

vibration signatures and their corresponding shape vectors is shown in Figure 3.7.
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Figure 3.7: Example of amplitude normalisation applied to three vibration signatures: two normal (X, X
shown in blue and black), and one abnormal (x. shown in red). (a) Amplitude-normalised vibration signatures;
(b)-(c) amplitude-normalised 20- and 10-D shape vectors, respectively.

From the figure, it can be seen that patterns x, and x. have been scaled to overlap with x;. The abnormally
high vibration amplitude in x. below 80% maximum shaft speed has been scaled to be generally lower than

pattern x,. As with unit normalisation, the increase in overlap between the classes caused by amplitude

normalisation makes it unsuitable for this application.

Energy-based Normalisation

Energy-based normalisation transforms the n elements of pattern x; such that

> =1. (3.4)

n=1

This normalisation scheme aims to retain information associated with the distribution of energy throughout
each pattern. Results of applying this method to the example vibration signatures are shown in Figure 3.8.

The relationship between “normal” and “abnormal” classes after energy-based normalisation is approxi-
mately similar to that seen after application of amplitude normalisation. Again, pattern x, has been scaled
to overlap significantly with pattern x.. This increase in overlap between the two classes, when applied to
vibration signatures and to both 10- and 20-dimensional shape vectors, makes this method of normalisation

unsuitable for separation of “normal” from “abnormal” patterns.
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Figure 3.8: Example of energy-based normalisation applied to three vibration signatures: two normal (X, X
shown in blue and black), and one abnormal (x. shown in red). (a) Energy-normalised vibration signatures;
(b)-(c) energy-normalised 20- and 10-D shape vectors, respectively.

Zero-mean, Unit-variance Normalisation

We define the zero-mean, unit-variance normalisation function N(x;) to be

N(xi) = (xi = pi) /0 (3.5)
where (u;,0;) are calculated from the n elements of x[:
1N
= DXt (3.6)
n=1
1
1 & ’
2
(5 S o
n=1
Figure 3.9 shows the result of normalising the three example patterns using this method.
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Figure 3.9: Example of zero-mean, unit-variance (ZMUV) normalisation applied to three vibration signatures:
two normal (x4, X shown in blue and black), and one abnormal (x. shown in red). (a) ZMUV-normalised
vibration signatures; (b)-(c) ZMUV-normalised 20- and 10-D shape vectors, respectively.

Because this method preserves variation in vibration amplitudes with respect to the mean vibration ampli-
tude of a pattern, the degree of overlap between patterns may increase. A small peak in vibration amplitude

within a pattern that has a low overall variance in vibration amplitude will be scaled such that it appears similar

to extremely large peaks in amplitude occurring within patterns with much higher overall amplitude variance.
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Discrimination between “normal” and “abnormal” patterns becomes poor, as the degree of overlap between the
two classes increases. This is shown within the figure, in which pattern x, is scaled such that it is contains

generally higher vibration levels than pattern x., in all three plots.

Component-wise Normalisation

We define the component-wise normalisation function N(x;) to be a transformation of the n elements or com-

ponents within pattern x;:

N(x;)={n:[1...N]e(x}) —u")/o"} (3.8)

where (u, o) are vectors of N elements, computed component-wise across all ¢ = 1...T patterns:

I
pt==> X (3.9)
=1

~1 =

1< ’
o = (I—l Z(X? - H")2> (3.10)

i=1
The results of applying this method of normalisation to three example shape vectors is shown in Figure 3.10.

4

J1HP| (ins7Y)
|1HP| (ins™Y)

%o 65 70 85 90 95 100 60 70 80 90 100 60 70 80 90 100

ngnan spioed (% max.) HP shaft speed (% max) HP shaft speed (% max)
(a) (b) (c)

Figure 3.10: Example of component-wise normalisation, applied to three vibration signatures: two normal
(x4, xp shown in blue and black), and one abnormal (x. shown in red). (a) Component-normalised vibration
signatures; (b)-(c) component-normalised 20- and 10-D shape vectors, respectively.

Figure 3.10 shows that “abnormal” pattern x. has been scaled such that its high vibration levels within
the speed range [70% 80%] maximum shaft speed are greater than those of “normal” patterns x, and xp.
Furthermore, vibration levels of pattern x. in the speed range [60% 65%)] are normalised to approximately 4.0.
By comparison with the original signatures in Figure 3.5, it may be seen that these high normalised values at
the lower shaft speeds of x. are caused by relatively small increases in vibration amplitude over x, and xy.
However, because “normal” engines exhibit very little variation in vibration amplitude at lower shaft speeds,
such normalised values are considered appropriate for x..

Pattern x;, prior to normalisation, showed a peak in vibration amplitude in the range [80% 85%] maximum

shaft speed, as seen in Figure 3.5. After component-wise normalisation, shown in Figure 3.10, this peak is
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significantly reduced (to below 3.0 standard deviations from the mean), indicating that it is not unusual for
vibration signatures in the data set to exhibit high vibration amplitudes above 80% shaft speed, as was described
previously.

Thus, component-wise normalisation appears to provide suitable separation between “normal” and “abnor-
mal” example patterns in terms of their overall shape, whilst removing dependence upon absolute values of

vibration amplitude.
3.5 Visualisation

In order to confirm the results of the investigation of normalisation, the data set was visualised by projecting the
set of 10- and 20-dimensional shape vectors into 2 dimensions. By inspection of the distribution of normalised
data in 2 dimensions, the extent to which “normal” and “abnormal” patterns are separated by each normalisation
method may be assessed.

Topographic projection is a transformation that attempts to best preserve, in the projected space of lower-
dimensionality (latent space, R?), distances between data in their original high-dimensional space (data space,
R?). The Sammon stress metric [62] is based upon the distance d;; between pairs of points (z;,z;) in R%, and
the distance d;; between the corresponding pair of points (y;,y;) in R%:

N N
o = 3. 3 (diy — diy)? (3.11)
i=1 j>i

in which the distance measure is typically Euclidean.
3.5.1 Sammon’s Mapping

Sammon’s mapping [62] attempts to minimise (3.11) as follows:
1. Initialise the projected positions (y;,y;) in R? of all P patterns (z;, ;) in R?, randomly.
2. Calculate the pairwise error Ey,,y, for all P(P — 1)/2 inter-pattern distances, as defined in (3.11).

3. Minimise Fyq,, using gradient descent [13]:

Vy(t):1... P, y(t+1)=y(t) - aal;% +uAy(t—1) (3.12)

which updates the positions of point y in the direction of the steepest error gradient. The size of the
update is controlled by the learning rate « (typically small). The final term is a momentum term, which
reduces the possibility of the descent becoming trapped in local minima of the error function. u is in the

range 0 < p < 1, and determines the contribution of the momentum in the direction of the previous step

Ay(t—1).
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4. Repeat 2-3 until Eyq., is below some threshold, or a maximum number of iterations is reached.

This method of visualisation is used in Chapter 4, and is suited to projection of small numbers of patterns.

3.5.2 NeuroScale

With the NeuroScale model [38], a radial basis function (RBF) neural network is used to parameterise the
mapping from R? to RY, in which Fg,y, is minimised. This method allows new test patterns to be projected
in R? without generating a new mapping, whereas Sammon’s mapping is defined only for the patterns in its
training set.

NeuroScale was used to project shape vectors derived from the Trent 500 data set, with d = 10 and d = 20
inputs and ¢ = 2 outputs (for 2-dimensional projection).

The projection of un-normalised 10-dimensional shape vectors derived for HP shaft acceleration manoeuvres
is shown in Figure 3.11(a). A new NeuroScale mapping is generated for use with each normalisation scheme, by
training a RBF network using data normalised by each method previously considered. The network architecture
used consisted of a single hidden layer of 30 nodes for both the 10-D and 20-D input patterns, with a training
set consisting of all 71 patterns in the data set.

Each node in the hidden layer corresponds to a radial basis function centre in 10-D or 20-D space, the initial
positions of which were set to be those of 30 patterns randomly selected from the training set.

The output weights of the RBF network (i.e., those from hidden layer to output layer) were initialised using
Principal Component Analysis (PCA). The N = 2 eigenvectors of the data covariance matrix with highest
corresponding eigenvalues are found, and these are the N principal components of the training set. They
represent the projection of the data in N-dimensional space that retains maximum variance information from
high-dimensional space. They provide an initial projection of the data, giving targets for the output layer from
which initial values of the output weights are found.

Training the RBF network is a two-stage process. In the first stage, the parameters of the radial basis
functions are set so that they model the unconditional data density. In the second stage, the output weights
are set by optimising an error function using methods from linear algebra [44].

The resulting projections from each NeuroScale network are shown in Figure 3.11(b)-(f). Note that the
axes of NeuroScale projections have no units of measurement: they are axes that allow minimisation of Fgup,.
Equivalent projections of the 20-dimensional set of shape vectors are shown in Figure 3.12. Similar results were
obtained when the RBF network contained 20, 40, and 50 nodes in its hidden layer.

From the projection of the un-normalised data in Figure 3.11(a), it can be seen that several of the engines

from “abnormal” class 3 are intermixed with points from “normal” class 1, and class 2. The projected points

26



02r 0.6
0.15} o 04 IN
N ’ Ak -
01
a 02} * &
A .
0.05F A A A A £
* .oaL A *
. N ~ ol Sa B
oy A
% A A
* 5 A *
00 ¥ AA A -0.2f *
A “ * *
-0} N o
A -0.4
-0.15}
-0.6
-0.2f
-0.25 1 1 1 1 1 yan ) -0.8 1 L L L L L L J
0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5 08 -06 -04 -02 0O 02 04 06 08 1
(a) (b)
x10° 0.08
a & 0.06FA
AN
4r *
0.04
Y AN
*A % ¥ A
2 - cF ) s A
ISP 0.02} .
.. 4 * L
L o A N R
or *
A LlA A « A R AL N
YAy — L ..
Aoa * 0.02 PN .
-2r * * * *
AN — L
* 0.04 R
4t A *
-0.06F o
. . , , . , —0.08 . . . . . . . . )
-0.01 ~0.005 [) 0.005 0.01 0.015 ~0.06 -0.04 -0.02 0 002 004 006 008 01 012
(c) (d)
251 30
N
oL
2t N
150
A
1F * -
A A * % " 1r & ~
L . A . . 7 * A
05 . oA A 2 * s
. * . A
of & A Or *
. . N
-0.51 A B * s
A b A N
s
N
-15r A Sl A A A
-2 A =
AN
5 . . . . . . | 3 . . . . . . . |
-3 -2 -1 0 1 2 3 4 6 -4 -2 0 2 6 8 10 12

(e)

(f)

Figure 3.11: Projections of 10-D shape vectors for HP shaft accelerations: (a) un-normalised; (b) unit normalisa-
tion; (¢) amplitude normalisation; (d) energy-based normalisation; (e) zero-mean, unit-variance normalisation;

(f) component-wise normalisation.

Labels are shown in Table 3.3.

Class | Symbol Description
1 Green e Normal - far below contractual limit
2 Yellow x | Normal - close to contractual limit
3 Red A Abnormal
4 Green % LP shaft imbalanced

Table 3.3: Class Labels within Visualisations. Classes correspond to those described in Section 3.2
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Figure 3.12: Projections of 20-D shape vectors for HP shaft accelerations: (a) un-normalised; (b) unit normalisa-
tion; (c¢) amplitude normalisation; (d) energy-based normalisation; (e) zero-mean, unit-variance normalisation;
(f) component-wise normalisation. Labels are shown in Table 3.3.
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from the deliberately-unbalanced engines of class 4 form a tight cluster, indicating that their 10-dimensional
shape vectors are very similar.

Figure 3.11(b) shows patterns projected after unit normalisation. The overlap between “normal” and “ab-
normal” examples, illustrated previously in Figure 3.6, is seen across the whole data set, in which the “abnormal”
class 3 patterns are projected throughout the distribution of “normal” class 1 and 2 patterns. Even the un-
balanced engines, which were tightly clustered in the projection of the unnormalised shape vectors, are widely
distributed across the space occupied by other classes. Thus, the projection of the entire data set after unit
normalisation confirms the unsuitability of unit normalisation for this application.

Similarly, the overlap between “normal” and “abnormal” patterns seen previously in Figures 3.7-3.9 is
also confirmed by projection of the data after those normalisation schemes have been applied, as shown in
Figure 3.11(c)-(e). In each case, the “abnormal” class 3 patterns are distributed throughout the projected
space occupied by the “normal” class 1, class 2, and class 4 patterns. Thus, amplitude-, energy- and ZMUV-
normalisations are also shown to be unsuitable for this application.

Figure 3.11(f) shows the data set projected after component-wise normalisation. The separation seen pre-
viously between “normal” and “abnormal” example patterns in Figure 3.10 is confirmed by the projection: the
“abnormal” pattern x. used previously is the pattern from class 3 shown in the upper-right of Figure 3.11(f),
while the “normal” patterns x, and x; are projected within the centre of the cluster of normal patterns. The
figure shows that this separation generally extends to a distinct separation between almost all “normal” and
“abnormal” shape vectors.

These trends appear similarly in Figure 3.12, and it can be seen that the projections of 10- and 20-dimensional
shape vectors are very similar. Though the 20-dimensional shape vectors more closely represent vibration
signatures, the separation between “abnormal” (class 3) patterns and other classes has not increased. This
may be caused by the effect that distances between patterns becomes more uniform with increasing pattern
dimensionality. As the number of dimensions in a pattern increases, the contribution to the Euclidean distance
between patterns caused by small numbers of highly abnormal dimensions in a pattern is reduced, relative to
the increasing number of other (normal) dimensions. The small contributions to the Euclidean distance between

patterns from the increasing number of other, normal dimensions eventually dominate.
3.6 Clustering

After normalisation of all shape vectors, a model of normality may be constructed to characterise “normal”
shape vectors. Patterns which give rise to deviations from this model, if significant in magnitude, may then

be classed as novel. This section describes the application of a clustering algorithm to a training set of normal
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patterns, in order to construct a model of normality with a relatively small number of prototype patterns. Use

of this model as a basis for novelty detection is discussed in Section 3.8.

3.6.1 K-means Clustering

Batch K-means clustering is an iterative method of producing a set of prototype patterns p; (for j =1...K)
that represent the distribution of a (typically much larger) set of patterns x;. The K-means algorithm is often
used to compress large training sets into computationally-tractable smaller sets.

Each pattern x; is assigned to its nearest cluster C;, centred at p;. Thus, each cluster C; has a population
of patterns associated with it. An error function may be defined to be the total sum-of-squared distances within

each cluster, summed for all K clusters:

K
E=Y"> lxi—u (3.13)

j=1ieC;

where cluster C; has centre p;, the mean of its population of N; patterns:

1
m= ; x; (3.14)

A K-means model is trained by initially setting the centres p; to be a set of randomly-selected patterns
x;. The algorithm then proceeds by iterative application of the following two steps, until there is no further

decrease in the error function from (3.13):
1. Vj:1...K, compute p; from (3.14);
2. Vi:1...N, assign pattern x; to the population of its nearest cluster centre C;.

This is the batch K-means algorithm, in which cluster centres are assigned new positions after all patterns
have been assigned to a cluster (in the second step, above). This is used in preference to the adaptive K-means
algorithm, in which cluster centre positions are updated after selection of a pattern at random from the training
set. This method is susceptible to becoming trapped in local minima, though it has advantages for “on-line”
learning, in which data are acquired sequentially [68].

Due to the random initialisation of cluster centres, the positions of those centres at the conclusion of the
training process may differ between different models trained upon the same data set. Typically, the algorithm
is run several times (each producing different cluster centre locations p;), and one of the candidate models is

selected based on some metric of fitness in characterising the data x;. This is discussed in a later section.
3.7 Choosing a Model of Normality

The training set was used to generate a series of models of normality using the batch K-means algorithm. 5

models were constructed for K = 3...20. Thus, 5 x 18 = 90 models of normality were generated, for each of
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the two sets of shape vectors (10-D and 20-D), from which one must be selected for use in novelty detection
with each set of shape vectors. This section describes the model selection process.

Figure 3.13 shows hows two metrics were used for selecting a model of normality. The upper plot shows the
value of the error function E defined in (3.13) for each of the 90 models, with increasing K. Note that there
are 5 models for each value of K; i.e. models 1 to 5 have K = 3 cluster centres, models 6 to 10 have K = 4
cluster centres, etc.

The upper plot of the figure shows that the value of the E generally decreases as the value of K increases.
As the number of cluster centres in a model is increased, the fit of those centres to the data becomes better,
eventually reaching the ultimate minimum (perfect fit) when the number of cluster centres equals the number
of patterns. However, as the model-fit increases, “over-fitting” occurs in which case the model will not be
sufficiently general to apply to new, test patterns. Traditionally, a validation set of patterns is applied to decide
on the optimal value of K.

A good model is one in which no cluster centre has few patterns associated with it. If the latter occurs,
however, it indicates an inappropriate choice of cluster centres. As described previously, we define the population
of a cluster C; to be those patterns x; for which C; is the closest cluster.

The lower plot of Figure 3.13 shows the size of cluster populations for one of the 90 models. The illustrated
model is a poor choice: it shows that two cluster centres (j = 2,6) have large populations (14 and 13 patterns,
respectively), whilst two other cluster centres (j = 1,9) have populations containing a single pattern.

As K increases, models will have a significantly higher likelihood of containing cluster centres with small
populations, as the training set is divided into increasing numbers of partitions. If all of the clusters within a
model have populations greater than a single pattern, that model is marked with a green dot on the plot of error
function E, shown in the upper plot of Figure 3.13. It can be confirmed from the figure that as K increases,
models tend to have no green dot associated with their location in the plot of the error function FE.

A model was selected with K = 4 cluster centres, corresponding to model number 10 within Figure 3.13. The
4 cluster centres within this model had approximately the same sized populations (9, 10, 11, and 13 patterns),

fulfilling the requirement that no cluster centre within the model should have few patterns associated with it.
3.8 Calculation of Novelty

The novelty value z; of pattern x; is computed with respect to the K cluster centres within the selected model:

K d(x:. C.
zi:mi?i(xh ])
‘7:

(3.15)

9j
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Figure 3.13: Model evaluation metrics: error (upper plot), and cluster populations for an example model (lower
plot). The exemplar is indicated in the upper plot by a red cross. Green dots in the upper plot indicate that
all cluster populations within that model contain more than a single pattern.

where d(x;, C;) is Euclidean distance, and o; is the width of cluster j:

0; = de(Xi,CJ‘)? (316)

for the I; points which have closest cluster centre C;

Figure 3.14 shows a cumulative plot of the novelty values of all patterns in both normal classes (1 and 2) and
abnormal classes (3). The normal class of patterns is indicated by a blue line, and shows the number of patterns
(on the y-axis) that have the corresponding novelty value or lower (on the z-axis). If we consider Figure 3.14(a)
(10-D shape vectors), approximately 25 patterns from the normal classes have a novelty value of 1.0 or lower;
increasing the novelty threshold to 2.0 encloses all of the normal patterns, but also begins to include some of
the abnormal class (indicated by the red line).

A novelty threshold H,, above which patterns are classified as abnormal may then be set, corresponding to a
vertical line on the cumulative distribution plot, as shown in Figure 3.14, in which the threshold is set to include
all normal patterns. For the case of the 10-D shape vectors, 5 abnormal patterns have a novelty value below
the novelty threshold, and so would be classified as “normal”; for the 20-D shape vectors, the corresponding
number of patterns is 3. Figure 3.15 shows the 2 of these abnormal patterns which had lowest novelty scores for
both 10- and 20-D shape vectors. Vibration amplitude at the upper end of the range of shaft speeds, exceeding

the contractual limit of Hyax = 0.4 ins™!

, caused these signatures to be placed within the abnormal (class 3)
data sub-set. These high vibration levels are not retained after quantisation, as may be seen by the red and
blue lines in the figure, corresponding to the 10- and 20-D shape vectors, respectively.

There is a high cost associated with false-positive novelty detections in engine pass-off testing, so the positive

predictive value of the novelty detection process should be maximised (as defined in Section 2.3.3). Thus, the
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Figure 3.14: Cumulative number of patterns by novelty score: (a) 10-D shape vectors; (b) 20-D shape vectors.
Normal patterns are shown in blue, abnormal patterns in red. An example novelty threshold is shown as a
vertical dashed line that gives maximum model specificity.

novelty threshold is set such that all patterns in the training set of normal examples are classified “normal”.
If the sensitivity of the process is increased such that all abnormal examples are correctly identified as such
(using a novelty threshold H,, = 1.1 for the case of 10-D vectors, as shown in Figure 3.16(a)), 11 patterns from

the normal training set would be classified as “abnormal”, which would not be acceptable in this application.

3.9 Conclusion

Conclusions drawn from the analysis of HP shaft data are presented below, followed by summaries of the
application of the process to other shafts. For each case, results from the 10- and 20-dimensional sets of shape

vectors are compared.
3.9.1 HP Shaft

Figure 3.17 shows all patterns projected into 2-D, using class symbols defined in Table 3.3. Those patterns

classified “abnormal” are circled in blue.

Classification of “Abnormal” Patterns

Using a novelty threshold value H,, = 2.1, 12 of the 17 abnormal patterns (class 3) were classified as “abnormal”,
when N = 10 dimensions were used in quantisation. This increases to 14 of 17 abnormal patterns when N = 20
dimensions are used in quantisation (H, = 1.6).

Class 3 contains patterns from sources A, B, and C (defined in Section 3.2.2) as shown in Table 3.4. The
table also indicates the number of these patterns within class 3 that were classified as “abnormal” by the novelty

detection process.
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Figure 3.15: Two abnormal (class 3) vibration signatures (shown in black) whose corresponding 10-D and 20-D
shape vectors (shown in red and blue, respectively) had lowest novelty scores of all abnormal patterns. The
contractual limit Hyax is shown by the dashed line. (a) Trent 500 engine 71123; (b) Trent 500 engine 71119.

Source | Patterns in Class 3 | Classified “abnormal” | Classified “abnormal”
w.r.t. 10-D model w.r.t. 20-D model
A 3 0 1
B 7 6 7
C 7 6 6

Table 3.4: Class 3 patterns, divided by source, with indication of “abnormal” classification after novelty detec-
tion.

6 of 7 patterns from engines which failed pass-off testing (source B) were correctly classified for N = 10, as
were engines which were overhauled following an extended period of commericial use (source C). However, all
patterns derived from engines which were released into service (source A) were classified “normal” for N = 10,
within class 3.

The vibration level of these 3 engines from source A exceeded the contractual vibration limit for the HP
shaft, thus placing them into class 3, using the criterion defined in Section 3.2.2. However, their corresponding
vibration signatures were “normal” overall, with respect to the training set. This indicates that the comparison
of an engine’s maximum vibration level to a fixed contractual limit, as is the standard means of pass-off testing,
may not adequately detect abnormal engines.

Using 20-D shape vectors produces better classification performance than 10-D shape vectors. All 7 patterns
from engines which failed pass-off testing (source B) were correctly classified for N = 20. 1 of the 3 engines

from source A that exceeded the contractual vibration limit was also classified as “abnormal”.

Classification of “Normal” and “Unbalanced” Patterns

The “normal” and “unbalanced” classes (1, 2, and 4), in which maximum engine vibration levels were below

the contractual limit in the HP shaft, were all classified “normal” with regard to the model, for N = 10 with

34



45

401

351

30

251

20

Number of patterns
Number of Patterns

151

. . . .
3 4 5 6 7 2 2.5 3 3.5 4 4.5 5
Novelty score Novelty Score

(a) (b)

Figure 3.16: Cumulative number of patterns by novelty score: (a) 10-D shape vectors; (b) 20-D shape vectors.
Normal patterns are shown in blue, abnormal patterns in red. An example novelty threshold is shown as a
vertical dashed line that gives maximum model sensitivity.
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Figure 3.17: Projection of all HP shaft patterns for (a) 10-D shape vectors; (b) 20-D shape vectors. Patterns
classified as “abnormal” are circled in blue. Labels are as in Table 3.3.

two exceptions:

e One pattern with maximum vibration levels close to the contractual limit for the HP shaft (class 2) was
classified as “abnormal”. This was an engine identified by engine developers as requiring rebuilding due to
high vibration levels within the HP shaft. With N = 20, a second engine from class 2 was also identified

as “abnormal”.

e One pattern taken from an engine that had been deliberately unbalanced (class 4) was classified as
“abnormal”. Section 3.2.2 noted that the 10 patterns taken from unbalanced engines should be classified
as normal with respect to the HP shaft model. With N = 20, this pattern was correctly classified as

“normal”.
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When training a model of normality, training patterns which appear significantly separated from the majority
of other training patterns may be deemed unrepresentative of normality (being “outliers”), and excluded from
the training set. This “pruning” of the training set may result in these outlying patterns being classified as

“abnormal”, which is the cause of the detections described above.

3.9.2 LP, IP, and Radial Drive Shaft Conclusions

The same process of shape vector construction, model training, and selection of a novelty score threshold was

performed using data sets for the LP, IP, and radial drive shafts. The results are reviewed below.

LP Shaft Results

Engines that were deliberately unbalanced by attachment of weights to the fan exhibit extremely high vibration
amplitude within the LP shaft, as discussed in Section 3.2.2. Figure 3.18 shows a NeuroScale projection of all

patterns generated from LP shaft vibration signatures. Class labels are as defined in Table 3.3.
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Figure 3.18: Projection of all LP shaft patterns for (a) 10-D shape vectors; (b) 20-D shape vectors. Patterns
classified as “abnormal” are circled in blue. Labels are as in Table 3.3.

Results are almost identical for both the N = 10 and N = 20 sets of shape vectors.

6 patterns derived from unbalanced engines are contained within the LP shaft data set, all of which are
correctly classified “abnormal” by the novelty detection process. The figure shows that they are clearly separated
from the cluster formed by normal training patterns, supporting the assumption that unbalanced patterns should
appear highly abnormal in the LP shaft.

4 of the 5 patterns that form the set of abnormal example patterns for the LP shaft are classified “abnormal”
with respect to the model. As can be seen from the figure, these 4 patterns classified “abnormal” are clearly
separated from the normal patterns.

The remaining pattern of this abnormal class lies in the centre of the normal cluster of patterns. This engine
was released into service following pass-off testing (source A), but exceeded the contractual vibration limit for

that shaft, placing it within class 3 (as defined in Section 3.2.2). This provides support for the claim that
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comparison of maximum vibration amplitude to a fixed contractual limit does not provide a reliable indication

of abnormality.

IP Shaft Results

All abnormal patterns (class 3) derived from IP shaft vibration signatures are correctly classified by the novelty
detection process, as shown in Figure 3.19, for both N = 10 and N = 20 sets of shape vectors. Obvious
separation between “abnormal” and “normal” classes can be seen in the figure. A single pattern from the
“normal” class is classified as “abnormal”. This pattern was pruned from the training set prior to training, due

to its outlying position relative to the rest of the “normal” patterns.
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Figure 3.19: Projection of all IP shaft patterns for (a) 10-D shape vectors; (b) 20-D shape vectors. Patterns
classified as “abnormal” are circled in blue. Labels are as in Table 3.3.

Radial Drive Shaft Results

As there is no contractual vibration limit specified for the radial drive shaft, patterns for this shaft could not
be reclassified into the 4 classes described in Section 3.2.2. With no prior distinction made between “normal”
and “abnormal” patterns, a less-informed approach was taken, in which data from Source A (engines that were
released into service following pass-off testing) formed the training set for the construction of the model of
normality.

Figure 3.20 shows a NeuroScale projection of all patterns derived from radial drive shaft vibration signatures.

Symbols used to plot patterns from each source are shown in table 3.5.

Source | Symbol | Description
A Blue o Released into service
B Red A | Rejected during pass-off testing
C Red O Re-fitted during service life
D Green * | LP shaft imbalanced

Table 3.5: Source labels within radial drive shaft visualisation

As with the LP and IP shafts, results from novelty detection of radial drive data are similar for both N = 10

and N = 20 sets of shape vectors. Note that NeuroScale projections may be arbitrarily rotated or inverted.
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Figure 3.20: Projection of all radial drive shaft patterns for (a) 10-D shape vectors; (b) 20-D shape vectors.
Patterns classified as “abnormal” are circled in blue. Labels are as in Table 3.5.

The figure shows that the projection of patterns derived from the Source A engines (the training set) form a
cluster in the centre of the plot in Figure 3.20(a). Distributed throughout this cluster are the projections of 7 of
the 12 patterns from Source B (engines that were rejected following pass-off testing). The remaining 5 patterns
from Source B are projected outside this main cluster, and classified as “abnormal” with respect to the model
of normality.

This indicates that several engines from Source B had vibration amplitudes (measured in the frequency range
corresponding to the fundamental tracked order of the radial drive shaft) that were similar to those engines
released into service (Source A). This motivates the need to reclassify patterns into “normal” and “abnormal”
classes, rather than using the original classification of data by their source, should a contractual limit be specified
for the radial drive shaft.

The figure shows that projection of the patterns derived from deliberately unbalanced engines (Source D)
form a cluster in the lower-right of the plot in Figure 3.20(a), separated from the main cluster of projections
of the training data. These engines are classified as “abnormal”’, indicating that the condition of deliberate
unbalance results in significant change of vibration amplitudes in the radial drive shaft. Prior to this analysis,
it was assumed that unbalance only affected the vibration amplitudes of the LP shaft tracked orders.

Figure 3.20(a) also shows that patterns derived from Source C engines (those re-fitted following a period
of use in commercial service) form a cluster in the lower-left of the plot, separated from the main cluster of
training set patterns. These engines are classified as 