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Abstract— Multi-channel combustion data, consisting of gas
pressure and two combustion chamber luminosity measurements,
are investigated in the prediction of combustion instability.
Wavelet analysis is used for feature extraction. A SVM approach
is applied for novelty detection and the construction of a model of
normal system operation. Novelty scores generated by classifiers
from different channels are combined to give a final decision
of data novelty. We compare four novelty score combination
mechanisms, and illustrate their complementary relationship in
assessing data novelty.

I. INTRODUCTION

Combustion instability, caused by the resonant coupling
between heat (generated by combustion) and acoustic pressure,
is a major problem in the operation of jet engines and power
generators. Early warning of combustion instability is required
in order to prevent catastrophic failure. Combustion image data
from a high-speed camera have been investigated to predict
instability in [1], in which a Gaussian mixture model (GMM)
was constructed to identify novel data. A Support Vector Ma-
chine (SVM) novelty detection method in [2] achieved earlier
identification of combustion instability, and greater distinction
between stable and unstable data classes than conventional
GMM methods.

Two data sets D1, Do generated by a Typhoon G30 com-
bustor are investigated in this paper. The combustor was
operated at atmospheric pressure, providing data in stable
and deliberately unstable modes of combustion. Unstable
combustion is achieved by increasing fuel flow rates above
some threshold, with constant air flow rate. Both data sets
represent measurements taken as the combustor moves from
stable to unstable combustion modes.

Each data set consists of three channels (with sampling
frequency of 1 KHz), the first of which is the gas pressure
of the fuel methane (CH4) in the main burner. For stable
combustion, the swirl air flow rate was 0.039 Kgs_l, the
fuel supplied to the main and the pilot burners were fixed
at flow rate 22.61 x 10~* Kgs~! and 10.20 x 10~% Kgs~!
respectively. In order to initiate combustion instabilities, the
flow rates of fuel supplied to the main and pilot burners
were increased to 26.18 x 10™* Kgs™! and decreased to
4.37x10~* Kgs~! respectively. The second and third channels

are luminosity measurements recorded within the combustion
chamber. A bundle of fine optical fibres were mounted at
the rear focal point of a Nikon 35 mm camera, such that
all light passing through the front lens was collected. The
flame luminosity from the combustion chamber was measured
using this system. The fibre optic bundle was bifurcated, each
channel connected to a photomultiplier (ORIEL model 70704).
This allowed the measurement of chemiluminescent emitters
of Cy radicals (visible at light wavelength 513 nm), and the
global intensity of unfiltered light, corresponding to the second
and third channels in the data sets.

Support Vector Machines (SVMs) have been applied to
many novelty detection problems, such as jet engine vibration
testing [3], signal segmentation [4] and fMRI analysis [5].
The optical measurement methods described above have been
applied to study flame dynamics of unstable combustion [6].
We apply one-class SVMs to similar multi-channel combustion
data; classifier combination methods are then applied to fuse
SVM classifications from different channels. This system is
intended for on-line application, requiring efficient compu-
tation and minimal storage limitations. This paper compares
two different fusion methods for novelty detection in Typhoon
combustor operation.

II. WAVELET FEATURE EXTRACTION

Frequency domain features alone are not suitable for on-
line novelty detection in combustion data [1]. Features from
wavelet analysis are used in the proposed method. Wavelet
analysis represents a function in terms of basis functions,
localised in both location and scale [7]. 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(¢), where
each level of resolution j (except the initial level) consists of
wavelets W ., with the same scale but differing locations k.
Wavelet decomposition of a function f(t) at level J can be
written as
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where ®;(t) are scaling functions at level J, and ¥; 5 (¢)
are wavelets functions at different levels j. Ay are scaling
coefficients or approximation coefficients at level J. The set
of ;. are wavelet coefficients or detail coefficients at different
levels j.

Mallat [8] developed a filtering algorithm for Discrete
Wavelet Transforms. Given a signal s, wavelet decomposition
of the first level produces two sets of coefficients: approxi-
mation coefficients \; 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 decomposition of the next level splits the
approximation coefficients A; in two parts using the same
scheme, replacing s by A;, and producing Ay and -, and
SO on.

The energy e; of the wavelet detail coefficients ; ;, within
a window of data at level j reflects the average noise level of
the signal within that window [9]. Coefficient energy within
the window is defined to be
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for window length L, and wavelet detail coefficients v, at
level j.

We investigate two triple-channel combustion data sets in
this paper, which contain 5700 and 7400 data points respec-
tively. These data are divided into 44 and 57 non-overlapping
windows respectively, of length L = 128. We decompose each
window of data using the Daubauchies-3 wavelet. The mean
values of approximation coefficients A; and the energy of the
detail coefficients v; (extracted at level 5 = 1) are used as
two-dimensional features in the input space.

In previous work [2], the mean value of v; was used; here,
we extend the method to consider the energy of ;. We show
in this investigation that use of such an energy-based feature
results in earlier detection of non-normal combustion.
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III. SUPPORT VECTOR NOVELTY DETECTION

Novelty detection, defined as detecting departures in be-
haviour from a model of system normality [10], is applicable
to combustion systems in which often only “normal” data are
available.

The training data available are [ observations from “normal”
operation xi,...,x; € R The training data 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,x;) = (®(x:) - ®(x;)). 3)

A Gaussian kernel function is used here to suppress the
growing distances for larger feature spaces [11]

k(xi,%;) = exp (—|x; — x;*/20?), 4)

where o is the width parameter associated with the kernel
function.

The strategy developed in [12] maps the data into the feature
space corresponding to the kernel function, and separates them
from the origin with maximum margin. The decision function
is found by minimising the weighted sum of a support vector
type regulariser and an empirical error term depending on an
overall margin variable p and individual errors ¢;
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where w is a weight vector in the feature space; C' is a user-
specified parameter, which reflects the boundary of normality
region.

Using Lagrangian multipliers in the presence of constraints,
and setting the derivatives of those multipliers with respect to
w equal to zero, leads to

subject to & >0, (6)
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where «; and 3; { «;, 8; > 0 } are Lagrangian multipliers. In

(7), patterns x; with a; > 0 are the support vectors. The dual
formulation is
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subject to Zai =1, 0<q <C. (10)

Solutions «; of the dual problem (9) determine parameters
w, and p,:
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where N is the number of support vectors, and s; are support
vectors. Note that w, € F; p, € R.
The decision function is the hard limit function

f(x) = sgn(w, - ®(x)— po) (13)
N,

= sgn(Zaik(shx) — po). (14)
i=1

For this investigation, we define the following function

NS
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to assign novelty values to data, such that abnormal data (i.e.
those outside the single, “normal” training class) take positive



values between 0 and 1. The threshold above which data
are deemed to be “abnormal” is zero, corresponding to the
boundary of the decision function g(x).

IV. COMBINATION OF CLASSIFIERS

Each window of data results in a two-dimensional feature
vector X, from which novelty values g(x) are computed using
(15). Resulting scores of features from each of the three
data channels are combined. Each of the two data sets are
considered independently.

Different classifier combination strategies have been studied
in [13]-[15]. The mean combination rule has been used in
previous analyses of combustion data [2]. In this paper, we
compare the novelty detection capacity of the system using
other methods of novelty score combination.

A. Max combination rule

We define a max combination rule to be

. R
9(x) = max g;(x), (16)
B. Min combination rule
Similarly, we define a min combination rule to be
. R
9(x) = min gi(x), (17)

C. Mean combination rule

Novelty scores generated by different classifiers may be
combined according to the mean rule [14]:

R
. 1
§(x) = E;gxx), (18)
where g;(x) is the novelty score generated by the ith classifier,
i=1,...,R, and R is the number of classifiers.
The max, min and mean rules are related by the following
inequality
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which suggests that the min and max rules serve as lower and
upper bounds for the mean rule, respectively.

D. Product combination rule

For combination of novelty score g(x), we here define a
complimentary product combination rule to be

R
§(x) = I[iZ: 9i(x)
~ HR R J
[Tz 9i(x) + T2 (1 — 9i(x))

analogous to the combination rule for posterior probabilities
in Bayesian classification [15]. This function reaches its upper
bound at §(x) = 1 when feature vectors derived from
windows of data are classified as maximally “abnormal” by
all classifiers.

(20)

TABLE I
DATA INDEX OF THE FIRST NOVEL CLASSIFICATION, ACCORDING TO EACH
SVM CLASSIFIER AND COMBINED EFFORTS

cl C? (¢3 Max Min Mean Product
D1 18 19 18 18 23 18 24
Do 23 28 23 23 23 23 30

V. METHOD, RESULTS AND DISCUSSION
A. Method and Results

The series of wavelet features generated for the two data sets
are two-dimensional for each channel, containing 44 and 57
windows respectively, and thus 44 and 57 feature vectors. The
combustor operated in stable combustion mode until window
index 20 in Dq, and index 28 in Ds. For D, this onset of
non-normal behaviour occurs at elapsed time of ¢t ~ 2.7 s, as
shown in Fig. 1, in which the three channels of D; are plotted.
Similarly, for D, the “normal” operation of the combustor
ends at t =~ 3.5 s.

After this period of stable combustion, a period of transient
behaviour is evident, prior to operation in unstable combustion
mode for the remainder of both data sets. 80% of feature
vectors from this stable period of operation (16 for D4, 22 for
D) are used as training data to construct the SVM classifiers.
The remaining 20% data from stable operation, and all of the
data from transient and unstable periods, are used as test data.
A zero-mean, unit-variance transformation is applied to all
data, for normalisation prior to the feature extraction [16].

For each SVM classifier, we use empirically-determined
parameter values for Gaussian kernel width ¢ = 0.8, and
C = 0.78. The novelty threshold H,; = 0 is used, such that all
data with novelty score g;(x) > H, are classified “abnormal”
with respect to the one-class model, as determined by the ¢th
classifier.

SVM classifiers are trained for each channel. Combining
outputs from each classifier is performed using the proposed
max, min, mean, and product rules. Contour plots of novelty
scores by individual single-channel SVM classifiers are shown
in Fig. 1. Novelty scores from combined SVM classifiers are
shown in Fig. 2. Novel data are identified during transient pe-
riods by every classifier in all three channels of both data sets,
providing confidence that non-normal combustor operation can
be detected in this on-line context. The final decision on data
abnormality is made by the combined classifier.

Table I shows the index of the first data point x for which
gi(x) > Hy; i.e. when data are first deemed “abnormal” by
each single-channel SVM classifier, {C, C2, C3}. The index
of first “abnormal” data points according to the max, min,
mean and product combination rules are shown as “Max”,
“Min”, “Mean” and “Product”, respectively.

B. Discussion

Single-channel SVM classifiers for both C'* and C? show
a peak in novelty scores at window indices 18 and 19, which
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(d) SVM output of channel 3

Time-domain signals and individual SVM results for D7. Stable training data, stable test data, transient test data, and unstable test data are shown

by {x + -} respectively. (a) Three channel data in time-domain: gas pressure of the main burner in the upper figure; Cs radical luminosity in the middle
figure, and global intensity of unfiltered light in the lower figure. (b)(c)(d) Contour plots of novelty scores generated by SVM classifers in the first, second

and third channels respectively; support vectors are circled.

results in a corresponding peak value in combined novelty
score with the max rule, shown in Fig. 2(a). In comparison,
the single-channel classifier for C® gives a low output value,
which is preserved by the min rule, in Fig. 2(b). It can be seen
in Fig. 2(a) — (c) that the combined novelty scores produced
by application of the max and min rules define the boundary
of scores produced by the mean rule, as stated in (19).

Similarly, results obtained using combining output from
SVM classifiers with the mean rule show a clear peak at
window indices 18 and 19 for D, prior to the onset of unstable
combustion, as shown in Fig. 2. This is due to a similar peak
in novelty scores output by the majority of individual single-
channel SVM classifiers on C! and C2, while there is no such
a peak classifier on C2. Thus, the peak present in two of the
three channels is sufficiently significant to be retained after
combination of novelty scores.

In comparison, no peak is evident in results from the
combined classifier using the product rule. During windows 18
and 19, novelty scores of C® approach zero, which dominates
the combined novelty score. However, as all three SVM
classifiers show similar trends in novelty scores during later
windows corresponding to the onset of unstable combustion,
the combined classifier correctly identifies the unstable com-
bustion. The product combination method attenuates novelty
scores close to 0, as can be seen from the low variability
in novelty scores associated with features derived from the
“normal” operation of the system.

Similar results (not shown here) were obtained from com-
parison of the four combination methods using D, and in two
other related data sets not described within this investigation.
Again, combination with the mean rule provides identification
of non-normal behaviour during the transient period of com-
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Fig. 2. Novelty scores generated from the combined SVM classifier for D. Threshold Hs = 0 is marked by the horizontal line. Stable training data, stable
test data, transient test data, and unstable test data are shown by {X + -} respectively.

bustor operation, whilst exhibiting greater variation of novelty
scores within the “normal” period of combustion. Results from
using the min rule exhibit the variability in the “normal” region
seen in results from use of the mean rule, whilst not providing
early detection of the pre-cursor transient data. Results from
using the max rule show that low variability in the “normal”
region can be achieved while still providing detection of the
pre-cursor transient behaviour.

VI. CONCLUSION

Combining classifier outputs using the mean rule has
been shown to allow the detection of novelty earlier than
combination with the product rule. Results have shown that
precursors of unstable combustion may be detected using
SVM classification combined using the mean rule, while
the product rule provides lower variability in novelty scores
during stable combustion, allowing a more sensitive novelty
threshold H to be applied. The min combination rule provides

little early warning of unstable combustion while suffering
from variability in normal operation; the max combination
rule provides optimal results, in which early detection of
instability is possible without suffering significant variability
in output during normal operation. A final decision on pattern
abnormality can be made from observing the results of both
combination rules.
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