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1 Introduction

1.1 Novelty Detection

Novelty detection is the identification of abnormal system behaviour, in which
a model of normality is constructed, with deviations from the model identified
as “abnormal”. Complex high-integrity systems typically operate normally for
the majority of their service lives, and so examples of abnormal data may
be rare in comparison to the amount of available normal data. Given the
complexity of such systems, the number of possible failure modes is large,
many of which may not be characterised sufficiently to construct a traditional
multi-class classifier [22]. Thus, novelty detection is particularly suited to such
cases, which allows previously-unseen or poorly-understood modes of failure
to be correctly identified.

Manufacturers of such high-integrity systems are changing the focus of
their business such that they take on responsibility for provision of system
maintenance [23]. Intelligent data analysis techniques are required to assess
the “health” of system components, aiming to identify potential precursors
of component failure in advance of actual system failure. This prognostic
approach to condition monitoring is useful for types of fault that can be
avoided if identified sufficiently early. In addition to providing early warning
of critical failure, such techniques enable a “needs-based” approach to sys-
tem maintenance, in contrast to the traditional dependence on maintenance
scheduled at fixed intervals. Typically such warning systems require highly
robust alarming mechanisms, with a minimal number of false positive activa-
tions, due to the cost involved of decommissioning and examining equipment
following an alarm.
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In order to provide early warning of this large set of potentially ill-defined
possible failures, a novelty detection approach may be adopted. Novelty
detection is alternatively known as “one-class classification” [24] or “outlier
detection” [25].

This chapter describes recent advances in the application of novelty detec-
tion techniques to the analysis of data from gas-turbine engines. Whole-engine
vibration-based analysis will be illustrated, using data measured from case-
mounted sensors, followed by the application of similar techniques to the
combustor component. In each case, the investigation described by this chap-
ter shows how advances in prognostic condition monitoring are being made
possible in a principled manner using novelty detection techniques.

1.2 Chapter Overview

Novelty detection theory is introduced in Sect.2, in which data evalua-
tion techniques, modelling methods, and setting of a decision boundary are
described. Complementary on-line and off-line analysis of jet engine vibration
data are presented in Sect.3, in which different novelty detection methods
are investigated for their benefit in providing advance warning of failure, in
comparison to conventional techniques. Section 4 presents an analysis of nov-
elty detection techniques applied to a gas-turbine combustor, showing that
single-component analysis can provide indication of failure. Finally, conclu-
sions are drawn in Sect.5, providing recommendations for future novelty
detection implementations.

2 Novelty Detection for Industrial Systems

This section describes a framework for novelty detection divided into the
following stages:

Existing Methods

Pre-processing

Visualisation

Construction of a model of normality

Setting novelty thresholds to detect abnormality

2.1 Existing Methods

Novelty detection techniques are typically divided into statistical (or prob-
abilistic) methods, and machine learning (or neural network) methods. The
former, being based upon probabilistic foundations, often claim to be the more
principled approaches, in which the concept of novelty can be statistically
related to the probability of observing abnormal data. The latter are more
data-driven approaches, in which models of normality are typically learned
from data in such a way as to maximise the chance of making a correct clas-
sification decision given previously-unseen examples. Typically, no statistical
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assumptions about the data are made, relying instead upon only the observed
data to construct a model of normality.

Statistical Methods of Novelty Detection

Fundamental to statistical methods is the assumption that normal data are
generated from an underlying data distribution, which may be estimated from
example data. The classical statistical approach is the use of density estima-
tion techniques to determine the underlying data distribution [2], which may
be thresholded to delimit normal and abnormal areas of data space. These
are parametric techniques, in which assumptions are made about the form
of the underlying data distribution, and the parameters of the distribution
estimated from observed data. Such assumptions may often prove too strong,
leading to a poor fit between model and observed data.

More complex forms of data distribution may be assumed by using Gaus-
sian Mixture Models [1,22], or other mixtures of basic distribution types [3,4].
Such techniques can grow the model complexity (increasing the number of
distributions in the mixture model) until a good fit with data is deemed to
have occurred. Typically, model parameters are estimated from data using
the Expectation-Maximisation algorithm [5]. Such methods can suffer from
the requirement of large numbers of training data from which to accurately
perform parameter estimation [6], commonly termed the curse of dimension-
ality [31]. Furthermore, the number of components in a mixture model may
need to become very large in order to adequately model observed data, which
may lead to poor ability to generalise to previously-unseen data (over-fitting).

Non-parametric approaches to statistical novelty detection include so-
called boundary- or distance-based methods, such as Parzen window esti-
mators and clustering techniques, and are discussed in Sect. 2.4.

For statistical-based novelty detection of time-series data, Hidden Markov
Models (HMMs) have been used, which provide a state-based model of a
data set. Transitions between a number of hidden states are governed by a
stochastic process [7]. Each state is associated with a set of probability dis-
tributions describing the likelihood of generating observable emission events;
these distributions may be thresholded to perform novelty detection [8].

HMM parameters are typically learned using the Expectation-Maximisation
algorithm. Novelty detection with HMMs may also be performed by con-
structing an abnormal state, a transition into which implies abnormal system
behaviour [9].

A similar state-based approach to novelty detection in time-series data is
taken by Factorial Switching Kalman Filters [10]. This is a dynamic extension
of the Switched Kalman Filter [12], which models time-series data by assum-
ing a continuous, hidden state is responsible for data generation, the effects of
which are observed through a modelled noise process. As with the HMM nov-
elty detection approach, an explicit abnormal mode of behaviour is included
within the model, which is used to identify departures from normality.
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Also utilising a dynamical model of time-series normal data, the Multi-
dimensional Probability Evolution (MDPE) method [13] characterises normal
data by using a non-linear state-space model. The regions of state space visited
during normal behaviour are modelled, departures from which are deemed
abnormal.

Machine Learning Methods of Novelty Detection

Non-statistical methods of novelty detection attempt to construct a model
of normality without assuming an underlying data-generating distribution.
One of the most well-known examples of this method is the neural network,
in which a highly-connected, weighted sum of nodes is trained using observed
data. Typically, neural networks are trained for multi-class classification prob-
lems, in which example data are classified into one of a pre-defined set of
classes [22].

In order to be used in novelty detection (single-class classification), artifi-
cial data may be generated around the normal data in order to simulate an
abnormal class [11]. Alternative approaches include using the network’s insta-
bility when presented with previously-unseen abnormal data for the purposes
of novelty detection [14].

The Self-Organising Map (SOM), initially proposed for the clustering and
visualisation of high-dimensional data [15], provides an unsupervised repre-
sentation of training data using a neural network. Various applications of the
SOM to novelty detection have been proposed [16,17], while they have been
extended into generic density estimators for statistical novelty detection [18].

A more recent successor to the neural network is the Support Vector
Machine (SVM), in which a hyperplane is found that best separates data
from different classes, after their transformation by a kernel function [19]. In
application to novelty detection, two main approaches have been taken. The
first finds a hypersphere (in the transformed space) that best surrounds most
of the normal data with minimum radius [20]. The second approach separates
the normal data from the origin with maximum margin [21]. The latter has
also been extended to novelty detection in jet engine vibration data, in which
examples of abnormal data can be used to improve the model [37].

2.2 Pre-Processing

When constructing a multi-dimensional novelty detection systems, whose
inputs are derived from several different sensors or parameters, normalisation
is a primary pre-processing step applied to the data. The aim of normalisa-
tion in this case is to equalise the dynamic range of the different features so
that all can be regarded as equally important a priori. It removes dependence
upon absolute amplitudes, whilst preserving information about the relative
“normality” of samples.
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On each channel of data (or features extracted from them), presented
in Sects.3 and 4, we use the component-wise normalisation function N(x;),
defined [26] to be a transformation of the d elements within pattern x;:

u
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xd — it
N(x;)="" , Yd=1...D (1)
where (u, o) are vectors of D elements, computed component-wise across all
i =1...1 patterns:
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In practical terms, the patterns are sets of sensor and/or parameter mea-
surements that are most commonly represented as vectors. An example is
given later in Equation 16.

2.3 Visualisation

Visualisation is a key method in exploring data sets, both in terms of confirm-
ing the results of normalisation, and in deciding which method to use when
constructing a model of normality. Typically, patterns are of high dimension-
ality, which may contain multiple features derived from multiple channels,
making the explicit visualisation of such data difficult. This section describes
a method that, while allowing exploration of the data set during the con-
struction of the novelty detection system, also provides a convenient method
of describing the results of analysis to eventual users of the system.

The “usability” of the system is of great importance in monitoring of
industrial systems, in which the eventual users are typically not familiar with
pattern recognition techniques. Visualisation can provide a suitable method
of showing the model of normality, novelty thresholds, and test patterns in
such a way that makes the use of the novelty detection system more intuitive.

Topographic Projection

Unlike variance-preserving techniques such as Principle Component Analysis,
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 [27] is based upon the distance d;; between pairs of
points (z;,x;) in R?, and the distance d;; between the corresponding pair of
points (y;,y;) in R

N N
:aam Z Z (3)
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in which the distance measure is typically Euclidean. Sammon’s mapping
attempts to minimise (3) using gradient descent [28] techniques. However,
this method provides a mapping which is only defined for the training set.
This limitation is overcome using the NeuroScale method which provides a
mapping that can be applied to datasets other than the training set, making
it well suited for the proposed application of model-based novelty detection
when compared with other projection methods which are only defined for the
training set.

NeuroScale

With the NeuroScale method [29], a Radial Basis Function (RBF) neural
network [22] is used to parameterise the mapping from R to R?, in which Fguyp,
is minimised. This method allows the key advantage that new test patterns
may be projected in R? without generating a new mapping.

The network architecture (using a single hidden layer between the input
and output layers) is typically selected such that the number of hidden nodes is
an order of magnitude greater than the dimensionality of the input patterns
[30]. Using the same guidelines, the number of available training patterns
should be an order of magnitude greater than the number of hidden nodes,
in order to adequately populate data space. Each node in the hidden layer
corresponds to the centre of a radial basis function in data space, the initial
positions of which we set to be those of 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 train-
ing 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, which is then refined
through network training.

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 uncon-
ditional probability density of the data, p(x) - that is, the distribution of
probability mass describing the likelihood of observing normal data x. In the
second stage, the output weights are set by optimising an error function using
methods from linear algebra [31].

Using Visualisation

Figure 1 shows an example in which 20-dimensional patterns derived from jet
engine vibration data (described in more detail later in Sect. 3) are projected
into 2-dimensional space. Note that the axes of NeuroScale projections are
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Fig. 1. NeuroScale visualisation of 20-dimensional patterns derived from jet engine
vibration data. “Normal” patterns are projected as dots, “abnormal” patterns (as
labelled by the data provider) are projected as asterisks. It is clear from the visualisa-
tion that seven of the “abnormal” patterns lie within the cluster of points described
by the “normal” patterns, revealing that the labels supplied by the data-providers
were not accurate and should be modified before selecting patterns from which to
train a model of normality

unit-less. Using the component-wise normalisation scheme described above,
the visualisation shows that “normal” patterns form a main cluster. 4 of the 11
patterns labelled “abnormal” by the data provider are projected significantly
removed from this cluster.

This example illustrates the use of visualisation for the verification of data
labels, as it is often the case that, in practice, many patterns labelled “abnor-
mal” by domain experts may actually appear normal after feature extraction,
and vice versa. On discussion with the data providers, the seven “abnormal”
patterns lying within the cluster formed by normal patterns were found to con-
tain system faults such that no vibration-based consequences were observable
in the data [32]. That is, the visualisation technique (based on vibration data)
correctly shows that the 7 patterns originally labelled “abnormal” should not
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be separate from normal data in this case (and thus may be included as
“normal” data in the training set).

Using visualisation in this way allows the exploration of the data set to
define which patterns should be used for training a model of normality.

2.4 Constructing a Model of Normality

As previously defined, classifying data as “abnormal” in order to raise an
alert about the condition of a system requires a model of normality. This
section describes the application of two main types of normal models that
have proved successful in the analysis of the gas-turbine data described later
in this chapter.

Distance-Based Models of Normality

Distance-based models of normality attempt to characterise the area of data
space occupied by normal data, with test data being assigned a novelty score
based on their (typically Euclidean or Mahalanobis) distance from that model.
A novelty threshold may be set on the novelty score, above which data are
deemed to be abnormal; this is further discussed in Sect. 2.5.

Here, we illustrate the process of constructing a distance-based model using
two methods:

e Cluster-based models, which have previously been applied to jet engine
data [33-35] and ship turbocharger data [36]. This method uses distances
in the untransformed feature space, and is illustrated using vibration data
in Sect. 3.

e Support Vector Machine models, which have previously been applied to jet-
engine data [37] and combustion data [38,39]. This method uses distances
in a transformed kernel space, and is illustrated using combustion data in
Sect. 4.

Cluster-Based Models

When modelling a system whose state is represented by a large training set
of patterns, it is often desirable to be able to represent the set of patterns by
a smaller set of generalised “prototype” patterns, making optimisation of a
model computationally-tractable. The k-means clustering algorithm [30] 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 z;.

The k-means clustering algorithm is used, as described in [40], to construct
a model of normality from “normal” patterns in the data sets later described in
this chapter. In this method, the distribution of “normal” patterns is defined
by C}, cluster centres in R? space, each with an associated cluster width oy,.
A novelty score z(x) may be computed for shape vector x with respect to the
K cluster centres:
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K d(x,C
2(x) = min (x, Cr)
k=1 Ok

(4)

where d(x,C}) is Euclidean distance. We use the definition of width oy
from [34]

Iy
1
O = Ik Zd(xi7ck)2. (5)
i=1

for the I points which have closest cluster centre Cj. This allows an intu-
itive interpretation of the magnitude of novelty scores: z(x) is the number of
standard deviations that pattern x lies from its closest cluster centre, relative
to the distribution of training data about Cg.

Investigation of the placement of cluster centres is possible using the
NeuroScale method. The position of cluster centres with respect to the data
set may be determined by projection using the NeuroScale network previously
trained using the patterns from the example data set. Selection of a candidate
model of normality can be assisted through use of the projections generated
by the neural network, where we ensure that the cluster centres accurately
represent the distribution of training patterns.

Due to the random initialisation of cluster centres, the positions of those
centres at the conclusion of the training process may vary between different
models trained upon the same data set. Typically, the algorithm is run sev-
eral times (each producing a different set of cluster centre locations p;), and
one of the candidate models is selected based on some metric of fitness in
characterising the data x;.

The optimal number of centres k required to characterise the training set
of normal data is often selected using a separate set of data (the validation
set), to test the model’s ability to generalise to previously-unseen data.

Finally, a threshold H is applied to z(x) such that all patterns z(x) > H
are classified “abnormal”. This is described in Sect. 2.5.

Support Vector Machine Models

Support vector machines (SVMs) belong to a family of generalized linear clas-
sifiers, used for classification and regression. A special property of SVMs is
that they simultaneously minimize the empirical classification error and max-
imize the geometric margin; hence they are also known as maximum margin
classifiers.

We follow the strategy developed in a key paper for SVM novelty detection
[42] that maps the data into the feature space corresponding to the kernel
function, and separates them from the origin with maximum margin.

The [ training data x;,...,%x; € R? can be mapped into another feature
space F through a feature mapping ®: R? — F. The kernel function operates
on the dot product of the mapping function

k(xi; xj) = (B(xi) - @(x;)). (6)
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A Gaussian kernel function is used here to suppress the growing distances
for larger feature spaces [41]

k(xi, %) = exp (=% — x|*/20?), (7)

where o is the width parameter associated with the kernel function.
For this investigation, we define the following function

N,
9(x) = po — Y aik(si,x) (8)
i=1

to assign novelty values to data, such that abnormal data (i.e., those outside
the single, “normal” training class) take positive values, while normal data
take zero values. In this equation, Ny is the number of support vectors, s; are
support vectors and «; are non-zero Lagrangian multipliers.

A threshold is set on these novelty scores as described in Sect. 2.5.

Probabilistic Models of Normality

In contrast to distance-based modelling methods, probabilistic approaches to
constructing a model of normality estimate the unconditional probability den-
sity function p(x) of normal training data. In this investigation, we illustrate
the method using Parzen window density estimation [22].

This is a non-parametric kernel-based method, in which the density func-
tion is represented by a linear superposition of kernel functions, with one
kernel centred on each sample. We choose the Gaussian kernel for Parzen
window methods due to its convenient analytical properties. Following [43],
we set the width parameter o for Parzen windows to be the average distance
of k nearest neighbours from each sample in the normal training data. Instead
of a fixed value of k used in [43], here we specify & to be a fraction of the total
number of training data N (e.g., k = N/10), so that the value of k is adjusted
depending on the number of the training data.

With the unconditional data density p(x) estimated, we may place a prob-
abilistic threshold to separate “normal” from “abnormal” as described in
Sect. 2.5.

2.5 Novelty Scores and Thresholds

Though it is desirable for probabilities to be retained as long as possible
throughout the classification process, a novelty detection scheme must ulti-
mately decide if a value = is “normal” or “abnormal”, for which a decision
boundary H on z must be determined. We term this the novelty threshold.
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Thresholds for Distance-Based Models of Normality

Typically, for distance-based models of normality, the threshold H on nov-
elty score z(x) is selected to best separate the “normal” and “abnormal”
patterns in the data set. However, particularly in the monitoring of high-
integrity systems, the number of available “abnormal” examples may be small.
Furthermore, this method is heuristic, and requires manual selection of H for
each new data set. This is illustrated with clustering models and the vibration
data set, described in Sect. 3.

A more principled approach may be obtained by calibrating novelty scores
into probabilities, and then setting the novelty threshold as with probabilistic
models of normality. This approach is illustrated with the SVM model and
combustion data set, described in Sect. 4.

For calibration of novelty scores, [44] proposed a non-parametric form of
regression, with the restriction that the mapping from scores into probabilities
is isotonic (i.e., non-decreasing); that is, the classifier ranks examples correctly.
The Pair-Adjacent Violators (PAV) algorithm [44] is employed to perform the
isotonic regression, which finds the stepwise-constant isotonic function g*(x)
that fits the data according to a mean-squared error criterion.

Let x; (i = 1,...,1) be the training examples from normal and abnormal
classes {Co,C1}, g(x;) be the value of the function to be learned for each
training samples, and g*(x) be the function obtained from isotonic regression.
The PAV algorithm takes the following steps:

STEP 1: Sort the examples according to their scores, in ascending order.
Initialise g(x;) to be 0 if x; belongs normal class, and 1 if abnormal class.

STEP 2: If g(x;) is isotonic, then return g*(x;) = g(x;). If not, go to STEP 3.

STEP 3: Find a subscript ¢ such that g(x;) > g(x;+1). The examples x; and
x;+1 are called pair-adjacent violators. Replace ¢g(x;) and g(x;4+1) with
their average:

9" (xi) = g% (xiv1) = {g(x:) + g(xi41)}/2 9)
STEP 4: Set g(x;) as the new g*(x;). Go back to STEP 2.

g*(x) is a step-wise constant function which consists of horizontal intervals,
and may be interpreted as P(Cy|x), the probability that sample x is abnormal
(i.e., belongs to Cy, the abnormal class). For a test example x, we first find
the interval to which its score z(x) belongs. Then we set the value of g*(x) in
this interval to be P(C1]x), the probability estimate of C; given x.

If the scores rank all examples correctly, then all class Cy examples will
appear before all class C; examples in the sorted data set in STEP 1. The
calibrated probability estimate g*(x) is 0 for class Cyp and 1 for class C;. Con-
versely, if the scores do not provide any information, g*(x) will be a constant
function, taking the value of the average score over all examples in class C.

The PAV algorithm used in isotonic regression may be viewed as a binning
algorithm, in which the position and the size of the bins are chosen according
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to how well the classifier ranks the samples [44]. The practical use of this
algorithm in calibrating novelty scores z(x) into probabilities is illustrated in
Sect. 4.

Thresholds for Probabilistic Models of Normality

Novelty threshold H can be defined using the unconditional probability dis-
tribution p(x) < H. However, because p(x) is a distribution function, it is
necessary to integrate to give the cumulative probability P(x). This is then
used to set thresholds in relation to the actual probability of observing sensor
noise (e.g., P(x) =1077).

A more principled method of setting thresholds for novelty detection uses
Extreme Value Theory (EVT) to explicitly model the tails of the distribution
of normal data.

EVT is concerned with modelling the distribution of very large or very
small values with respect to a generative data distribution. Here, we con-
sider “classical” EVT as previously used for novelty detection [45,46], in
contrast to an alternative method commonly used in financial applications,
often termed the peaks-over-threshold approach [47]. We do not use the lat-
ter for this novelty detection application due to its requirement to adopt an
arbitrary threshold above which peaks are measured.

Throughout the investigation described in this chapter, we consider the
estimation of the probability of observing abnormally large values with respect
to a set of normal data. Consideration of abnormally small values requires a
simple modification of the theory, not further pursued here.

Consider a “normal” training set of m i.i.d. (independent and identically
distributed) data, X = {x1,x2,... 2y}, distributed according to some func-
tion D(x), with maximum %y, = max(X). We define a distribution function
for Zmax to be H(Zmax < ). Le., our belief in the value of the maximum of
the m data drawn from distribution D (over the range of z) is modelled by H.

It can be shown [48] that for H to avoid degeneration as m — oo, it must
converge according to the transform

Tmaz = Om® + fim (10)

for some location and scale parameters, u,, € R and o,, € RT, respec-
tively, and where = is a weak convergence of distributions. Furthermore,
for any underlying data distribution D, the limit distribution must take the
normalised form

H(@max <) = H(" ") = H(yp) (11)

Om

where y,,, = (r — fm)/0m is termed the reduced variate. According to the
Fisher-Tippett theorem [48], H must belong to one of three families of
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extreme value distributions (derived from the Generalised Extreme Value
distribution [49]). In this investigation, we consider data distributed accord-
ing to the one-sided standard Gaussian X ~ |N(0,1)|, which converges to
the Gumbel distribution for extreme values [49]. The probability of observing
some Tmax < x given the data is P(zmax < x|X), or P(x|X) for simplicity,
given by the Gumbel form:

P(x[X) = P(x]0) = H(ym)

= exp(—exp(ym)) (12)

where model parameters @ = {ji,,, o} are the location and scale parameters
from the reduced variate y,, = (€m, — fm)/0m, and are derived from X. The
associated probability density function is found by differentiation:

p(x[X) = p(=(6) = 07, exp{—ym — exp(ym)}

13
= /Am exp{—ym — exp(ym)} "

which we term the Extreme Value Distribution (EVD). Note that, for later
convenience, we use the precision \,, = 1/02,. Classical EVT assumes that
the location and scale parameters are dependent only on m [50], which has
been verified via Monte Carlo simulation for m = 2,...,1,000 [45]. These take

the form
Inlnm + In 27

2v/2Inm
Thus, using the EVD equation (13), we can directly set novelty thresholds

in the Parzen window model, which has placed a set of Gaussian kernels in
feature space. This is illustrated in Sect. 3.

i = V2In'm — Am =2Inm (14)

3 Gas-Turbine Data Analysis

Here, we use the novelty detection techniques described previously for the
analysis of jet-engine vibration data, recorded from a modern civil-aerospace
engine. A cluster-based distance model and a Parzen window-based proba-
bility model are constructed as described in Sect. 2.4. Novelty thresholds are
then set for these models as described in Sect. 2.5.

First, this section provides an overview of jet engine operation, and the
vibration data obtained. Then, two monitoring paradigms are described:

o Off-line Novelty Detection, in which vibration data from an entire flight
are summarised into a single pattern. Novelty detection then takes place
on a flight-to-flight basis using these patterns. This scheme is suitable for
ground-based monitoring of a fleet of engines.

e On-line Nowvelly Detection, in which data within flights are compared to a
model of normality. Novelty detection takes place on a sample-by-sample
basis. This scheme is suitable for “on-wing” engine monitoring.
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3.1 System Description
Jet Engine Operation

Modern aerospace gas-turbine engines divide the task of air compression from
atmospheric pressure to that ultimately required within the combustion cham-
ber into several stages. Gas-turbine engines within the civil aerospace market
involve up to three consecutive compression stages: the low pressure (LP),
intermediate pressure (IP), and high pressure (HP) stages [51]. 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, result-
ing 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.

Engine Vibration Measurement

Transducers are mounted on various points of the engine assembly for the mea-
surement of engine vibration. Vibration data used for investigations described
in this report were acquired using a system [52] that computes Fast Fourier
Transforms (FFTs) representative of engine vibration every 0.2 s, 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 [53] 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, SLP, JLP, .. ..

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

3.2 Off-Line Novelty Detection

If there is no strict requirement to carry out novelty detection in real-time,
then it is possible to compute summary data structures at the end of each
flight, and compare the time-averaged behaviour of key features against pre-
vious engine runs. This typically suits ground-based monitoring, in which
flight data from a fleet of engines is summarised and analysed by engine
manufacturers.

An example of this is shown in Fig. 2 where the vibration amplitude (of a
fundamental tracked order) has been averaged against speed over the known
operating speed-range. This is a wibration signature for the flight, and is
typically high-dimensional (with 400 speed sub-ranges usually considered).

Increasing dimensionality of data requires exponentially increasing num-
bers of patterns within the data set used to construct a general model; this is
termed the curse of dimensionality [22]. In order to avoid this problem, each
400-dimensional vibration signature is summarised by a 20-dimensional pat-
tern x. This is performed by computing a weighted average of the vibration
amplitude values a(s) over N = 20 speed sub-ranges [26]. The d** dimension
of shape vector x™, for n =1... N, is defined to be:

Smax

x4 :/ a(s)wq(s)ds (15)
Smin

in which the vibration amplitude a(s) is integrated over the speed range s :

[Smin Smax|, using weighting functions wg(s), for d : 1... N. Thus, each flight

of a test engine results in a 20-dimensional pattern.

Vibration amplitude

30 40 a0 90 100

50 60 0

Shaft speed, %max
Fig. 2. Constructing a quantised 20-D pattern (thick line) from a high-dimensional
vibration signature (thin line), in which average engine vibration response is plotted
against a range of shaft speeds - axes have been anonymised for reasons of data
confidentiality
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A data set was provided for this investigation consisting of 137 flights.
Flights {1...127} were “normal”. A change in engine condition occurred dur-
ing flights {128...135}, which was retrospectively determined to be an engine
component becoming loose. An engine event was observed during flights
{136...137}.

Flights {1...80} were used as the training set for both distance-based and
probabilistic models. Flights {81...137} were used as a test set. From each
flight, a vibration signature was constructed. Those flights which covered less
than 60% of the speed range (indicating that the aircraft did not leave the
ground) were deemed to be “invalid”, and not considered within the analysis,
to ensure that only fully-specified vibration signatures were used.

Component-wise normalisation, as described in Sect. 2.2 was applied to
the signatures for each flight, and models of normality constructed using
cluster-based and Parzen window methods, as described in Sect. 2.4. Novelty
thresholds were then set using the methods described in Sect. 2.5.

An example of resulting models is shown in Fig.3, in which visualisa-
tion has been performed using the NeuroScale method described in Sect. 2.3.
Here, models have been trained in 2-dimensional visualisation space for the
purposes of explanation. In the actual novelty detection exercise, models were
constructed in feature space (here, the 20-dimensional space of the patterns
derived from the vibration signatures).

In the example figures, projected normal patterns are plotted as dots (one
per flight). The last flights of the engine are plotted as crosses, and are notably
separated from the cluster formed by the normal patterns. These flights were
known to have been abnormal in the final two flights (in which an engine event
occurred), but this retrospective analysis shows that the flights immediately
prior to the event are also classified as abnormal.

This is shown in Fig. 4, in which novelty scores for each flight are shown for
both distance-based and probability models, with novelty thresholds (deter-
mined as described in Sect. 2.5 using heuristic and EVT methods, respectively)
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(a) (b)
Fig. 3. (a) Distance-based model using k = 4 cluster centres and projected data,
constructed using cluster-based methods, (b) Probabilistic model and projected
data, constructed using Parzen-windows method
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Fig. 4. (a) Novelty scores for the distance-based model, with novelty threshold
(dashed line), (b) Novelty scores for the probabilistic model, with novelty threshold
(dashed line)

shown as a horizontal line. It can be seen that both the event flights {136,
137} exceed the novelty threshold, but also that the preceding five flights
{131...135} exceed the threshold.

An advantage of the probabilistic-based model is in the setting of the
novelty threshold (via EVT), shown as a thick line for the 2-D example model,
which occurs at P(z) = 0.99. This can be set automatically at run-time, in
contrast to the heuristic setting required for the distance-based model.

Both models (distance-based and probability-based) provide early indica-
tion of eventual engine events, while the latter does so with automated training
and a principled probabilistic approach.

3.3 On-Line Novelty Detection

On-line novelty detection typically takes place “on-wing”. In this investi-
gation, we form a shaft-specific pattern [54] at the sampling rate of the
acquisition system, consisting of fundamental and harmonic tracked orders
relating to the shaft being modelled:

[F, 1H, 1.5H, 2H, 3H, 4H, 5H, RE] (16)

where “F” is the amplitude of the fundamental tracked order, “nH” is the
amplitude of the nth harmonic tracked order, and “RE” is “residual energy”,
defined to be broadband energy unassigned to the fundamental tracked order,
or its harmonics (and is thus “residual”).

By considering the specific design of the engine, non-integer multiples of
the shaft frequencies that reflect internal gearing configurations may provide
specific information about the state of internal bearings in the engine.

As before, each element in the pattern is component-wise normalised to
ensure that each varies over a similar dynamic range. The same training and
test sets used in off-line monitoring were used to train both distance-based
and probabilistic models, as described in Sect. 2.4.

Here, however, the full range of test data is available for training, rather
than a summary vibration signature. In order to ensure that the training
process is tractable in real-time, the number of data points in the training
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set is reduced using the batch k-means algorithm. The training set, consisting
of patterns derived from all data in tests {1...80}, were thus summarised
using k& = 500 cluster centres, which was found to adequately characterise the
distribution of normal data in the 8-dimensional feature space defined by (16).

Figure 5 shows novelty scores of in-flight data from three example flights,
computed using a distance-based model of normality, constructed as described
in Sect. 2.4, with thresholds set heuristically, to include all patterns from the
training set as described in Sect. 2.5.

“Normal” flight 75 (Fig.5a) has low novelty scores throughout the flight.
Flight 131 (Fig. 5b) shows that this flight exceeds the novelty threshold for sev-
eral transient periods. Event flight 137 (Fig. 5¢) shows that this flight exceeds
the novelty threshold for longer periods.

A probabilistic model was trained using the same training set, and thresh-
olds set using EVT as described in Sects. 2.4 and 2.5.

Figure 6 shows probabilistic model output for the same three example
flights, against visualisations using NeuroScale as described in Sect. 2.3. “Nor-
mal” flight 75 (Fig.6a) has low unconditional probabilities p(x) throughout
the flight; the visualisation shows that flight data (grey) lies close to the model
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Fig. 5. In-flight novelty scores determined using distance-based model, against nov-
elty threshold (horizontal line - using the same threshold in each case, with varying
y-axis). (a) Flight 75, from the training set. (b) Flight 131, during a change in engine
condition. (c) Flight 137, an event flight
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Fig. 6. Left sub-plots: in-flight data probabilities p(x) determined using probabilistic
model, against novelty threshold. Right sub-plots: visualisation of in-flight (grey)
against model kernel centres (black). From top to bottom: (a) Flight 75, from the
training set. (b) Flight 131, during a change in engine condition. (¢) Flight 137, an
event flight



288 D.A. Clifton et al.

kernel centres (black). Flight 131 (Fig.6b) shows that this flight exceeds the
novelty threshold for several transient periods, and that the visualised flight
data begin to drift outside the locus of the model kernel centres. Event flight
137 (Fig.6¢) shows that this flight exceeds the novelty threshold for long
periods, and that the visualised flight data lie far from the model kernel
centres.

Thus, for both models, the event data have been correctly classified as
“abnormal” with respect to the models, as has the change in engine condition
during flight 131, potentially providing five flights of early warning of eventual
failure. Flights {1...130} (not shown here) were below the novelty threshold,
indicating that no false alarms would have been generated during “normal”
operation.

The visualisation correspondingly shows that flight data drift further from
the model kernel centres as abnormality is observed, providing a useful method
of communicating the system state to a user.

3.4 Discussion

Off-line and on-line analysis techniques for novelty detection in vibration data
of modern jet engines have been presented, indicating that similar techniques
can be used in both contexts. In both cases, distance-based and probabilistic
models of normality have been shown to provide early warning up to five
flights prior to an engine event (where conventional techniques detected only
the event itself).

While the distance-based models of normality must be constructed (and
novelty threshold set) in a heuristic manner, EVT has shown to be able to
set the novelty threshold automatically, such that unsupervised model con-
struction can take place. This is particularly advantageous in the condition
monitoring of high-integrity systems, in which heuristic, manual modelling
is unattractive (due to the number of systems that must be monitored) and
often impractical (because models must be formed during operational use).

Visualisation techniques have been demonstrated to be able to provide
meaningful interpretation of system condition from flight-to-flight (for off-line
novelty detection) and in-flight (for on-line novelty detection). Such tech-
niques allow system output to be made interpretable by users that might be
potentially unfamiliar with pattern recognition methods.

4 Combustion Data Analysis

In this section, we introduce the concept of combustion instabilities, and
briefly describe the combustor used for data collection. We describe a method
of extracting features from time-series data, and present results of using both
SVM distance-based and probabilistic methods of novelty detection. We show
that early warning of combustor instability is possible using these techniques,
and show the advantage of novelty score calibration.
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4.1 System Description

Instabilities in combustion often originate from the resonant coupling between
the heat released by the flame and the combustor acoustics, and hence are
referred to as “thermo-acoustic” instabilities. The thermo-acoustic instabili-
ties generate increased noise level (high acoustic pressure fluctuations), which
in turn lead to excessive mechanical vibrations of the walls of the combustion
chamber, and even cause catastrophic failure of the combustor. These insta-
bilities also feature sub-optimal burning, increased emissions, and decreased
equipment life. Thus, there is a need to predict the occurrence of combustion
instabilities, in order to minimise their effect by imposing appropriate control
systems. Readers are directed to [55] and [56] for detailed descriptions of the
physical processes involved in combustion instabilities.

The data set used by the investigation described in this section was
generated by a Typhoon G30 combustor (a component of gas-turbines), manu-
factured by Siemens Industrial Turbomachinery Ltd. The system was operated
in stable and unstable modes of combustion. Unstable combustion is achieved
by increasing fuel flow rates above some threshold, with constant air flow rate.
A detailed description of the combustor can be found in [57].

The data set consists of three channels (with sampling frequency of 1 KHz),
which are:

1. Gas pressure of the fuel methane (CHy) in the main burner
2. Luminosity of Cq radicals in the combustion chamber
3. Global intensity of unfiltered light in the combustion chamber

4.2 Pre-Processing and Feature Extraction

Each channel was normalised using the component-wise method described in
Sect. 2.2.

Wavelet analysis [58] was used to extract features from each channel.
Wavelet analysis represents a function in terms of basis functions, localised
in both location and scale. It is capable of revealing behavioural trends or
transient periods within the data. Wavelet decomposition can be regarded as
a multi-level or multi-resolution representation of a function f(t), where each
level of resolution j (except the initial level) consists of wavelets ¥, j, with
the same scale but differing locations k. Wavelet decomposition of a function
f(t) at level J can be written as

+oo
F@&) =D Aw@rrt) + DD vinln(t), (17)
k

j=J k

where @ ; 1, (t) are scaling functions at level J, and ¥; ;. (t) are wavelets functions
at different levels j. A are scaling coefficients or approximation coefficients
at level J. The set of v, are wavelet coefficients or detail coefficients at
different levels j.
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Mallat [59] developed a filtering algorithm for the Discrete Wavelet Trans-
form. Given a signal s, wavelet decomposition of the first level produces two
sets of coeflicients: approximation coefficients A\; and detail 1, by convolving
s with a low-pass filter h(k) for approximation, and with a high-pass filter g(k)
for detail, followed by dyadic decimation (down-sampling). Wavelet decom-
position of the next level splits the approximation coefficients A1 in two parts
using the same scheme, replacing s by A1, and producing \s and 2, and so on.

The energy e; of the wavelet detail coeflicients ; j within a window of data
at level j reflects the average noise level of the signal within that window [60].
Coefficient energy within the window is defined to be

2
e; = ZkL%,k (18)
for window length L, and wavelet detail coefficients v, at level j.

Following [61], we divide the data set into non-overlapping windows of
length L = 64, decomposed using the Daubauchies-3 wavelet. The mean values
of approximation coefficients A\; and the energy of the detail coefficients v,
(extracted at level j = 1) are used as two-dimensional features in the input
space, for each channel.

The combustor was operated in stable mode for the duration of 40 win-
dows, followed by a transition into unstable operation for the duration of 48
windows, the first five of which were “transient”, being neither stable nor
unstable.

4.3 On-Line Novelty Detection

Both distance-based (using SVM) and probabilistic models of normality were
constructed for each channel independently (as described in Sect. 2.4). 80% of
the data from stable operation (32 windows) were used to construct models
of normality, with all remaining data (56 windows) used as a test set.

The SVM method results in novelty scores computed using distance-based
methods in the transformed feature space, which are calibrated into probabil-
ities [0 1] using the method described in Sect.2.5. An example of calibration
for output of the classifier trained using data from channel 2 is shown in Fig. 7.
Novelty scores of “normal” data (i.e., windows during which combustion was
stable) are calibrated to probabilities p(z) ~ 0, while those of “abnormal” data
(i.e., windows in which combustion was unstable) have p(z) ~ 1. Windows
from the period of transient operation between stable and unstable modes are
shown as taking calibrated probabilities p(z) ~ 0.8 in this case.

Figure 8a shows channel 1 SVM model uncalibrated output as a contour
plot. Corresponding calibrated probabilities are shown in Fig. 8b.

It can be seen that data from the training set, windows {1...36}, are deemed
“normal”, with p(z) ~ 0, noting here that the probability of abnormality
p(z’) = 1 — p(x) is plotted (and thus p(z’) = 1 corresponds to an abnormal
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Fig. 7. Calibrating SVM novelty scores into probabilities, using SVM model trained
using data from channel 2
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Fig. 8. (a) Visualisation of channel 1 SVM distance-based model, with novelty
scores shown as greyscale contours. Training data are white x, with support vectors
shown as white ®. Test normal data are shown as white 4+, test abnormal data as
black e. (b) Calibrated output probabilities from channel 1 SVM model p(z’)

window). Windows {41...45} are transient, between normal and abnormal, and
show corresponding oscillation in the calibrated output probabilities. Win-
dow 42 is the first classified as abnormal, which provides three windows early
warning prior to the first unstable window (46), after which all windows are
abnormal. The visualisation shows this clear separation between normal and
abnormal data, again providing a meaningful graphical interpretation of sys-
tem state. Similar results were obtained for channels 2 and 3 (not shown
here).

Figure 9a shows channel 1 probabilistic model output as a contour plot.
Corresponding probabilities are shown in Fig. 9b.

Here, the true p(z) of the unconditional data density is shown, in which
p(x) > 0 for normal data, and p(x) ~ 0 for abnormal data. The figure
shows that most normal data take non-zero probabilities, but there is a false-
positive for window 37 (the first window after the 36 windows in the training
set), which is incorrectly classified “abnormal”. The transient data, windows
{41...45} show decreasing probabilities, but only windows 43 and 45 have
p(x) = 0. All unstable data, windows {46...88}, are correctly assigned outputs
p(z) = 0.
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Fig. 9. (a) Visualisation of channel 1 probabilistic model, with novelty scores shown
as greyscale contours. Training data are white x. Test normal data are shown as
white +, test abnormal data as black e. (b) Output probabilities from channel 1
probabilistic model p(z)

This is confirmed by the visualisation, in which some of the test data
(shown as black e) fall within the locus of the normal data, though separation
to most abnormal data is significant. Similar results (not shown here) were
obtained for channels 2 and 3.

4.4 Discussion

On-line analysis of combustion data has shown that early warning of system
instability can be provided, by correctly classifying transient periods of opera-
tion as “abnormal” with respect to normal data. SVM distance-based models
were found to outperform the probabilistic models investigated, by providing
early warning of unstable operation without false-positive activations during
normal combustor operation. The disadvantages of distance-based methods,
in which thresholds are set heuristically, is overcome by calibrating outputs
into probabilities, such that a meaningful probabilistic threshold may be set.

5 Conclusion

This chapter has compared the perform of distance-based and probabilis-
tic methods of constructing models of normality using both case-mounted
vibration sensors, and single-component monitoring (of the combustor).

Distance-based models have been shown to provide early warning of engine
events, but require heuristic setting of thresholds, and manual construction
of models. Typically, this can become impractical for condition monitoring of
high-integrity systems, in which the number of units being monitored, and the
inaccessibility of those units, require unsupervised learning of normal models.

Methods of overcoming this have been investigated, in conjunction with an
SVM model, in which classifier output is calibrated into probabilities, resulting
in a probabilistic novelty threshold being set automatically.
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Probabilistic models have been shown to provide similar early warning,
with novelty thresholds set automatically using EVT, which explicitly models
the tails of the “normal” data density.

The use of visualisation techniques has been shown to provide guidance
during the data evaluation and model construction phases, particularly in
the verification of data labels provided by domain experts, which can be
unreliable. The same techniques are shown to be able to provide meaning-
ful representations of system state, allowing non-expert users to interpret the
output of the novelty detection system.

Further analysis of fusing classifications from multiple channel-specific
classifiers is on-going, as is the exploitation of automatic probabilistic
threshold-setting techniques for estimates of a multi-variate data density.
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