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Abstract—Novelty detection, or one-class classification, is of
particular use in the analysis of high-integrity systems, in which
examples of failure are rare in comparison with the number
of examples of normal behaviour, such that a conventional
multi-class classification approach cannot be taken. Support
Vector Machines (SVMs) are a popular means of performing
novelty detection, and it is conventional practice to use drain-
validate-test approach, often involving cross-validation, to train
the one-class SVM, and then select appropriate values for its
parameters. An alternative method, used with multi-class SVMs,
is to calibrate the SVM output into conditional class probabili-
ties. A probabilistic approach offers many advantages over the
conventional method, including the facility to select automatically
a probabilistic novelty threshold. The contributions of this paper
are (i) the development of a probabilistic calibration technique
for one-class SVMs, such that on-line novelty detection may be
performed in a probabilistic manner; and (ii) the demonstration
of the advantages of the proposed method (in comparison to the

conventional one-class SVM methodology) using case studies, in

which one-class probabilistic SVMs are used to perform condition
monitoring of a high-integrity industrial combustion plant, and in
detecting deterioration in patient physiological condition during
patient vital-sign monitoring.

Index Terms—Support vector machine, novelty detection, one-
class classification, calibration, condition monitoring.

ABBREVIATIONS

EHM Engine Health Monitoring

SVM Support Vector Machine

MLP Multi-Layer Perceptron

PAV Pair-Adjacent Violators

GMM  Gaussian Mixture Model

ROC Receiver Operating Characteristic
AUC Area-under-the-Curve

ROC Receiver Operating Characteristic
SDU Step-Down Unit

ICU Intensive Care Unit

NOTATION
. INTRODUCTION
A. Novelty Detection for On-Line Monitoring

d-dimensional feature space

a feature space by a non-linear transformainR? — F
support vectors

number of support vectors;; i.e,i =1... N;

kernel function

bandwidth of a multivariate Gaussian

Lagrangian multiplier

novelty score

re-scaled novelty score in the ranfie 1]

data available during classifier construction that are nbrma
data available during classifier construction that are ahab
average distance to the centroid of real normal dat& A
radius in a hyper-sphere

number of real normal datg;; i.e,i=1... N

artificial normal data

artificial abnormal data

offset of an optimal hyperplane

probability densities

probabilities

stepwise-constant isotonic function

model of normality with parametei®

is particularly applicable to the monitoring of high-intiy
systems, such as jet engines, human patients, or manuifectur
processes, in which examples of abnormal system behaviour
are scarce in comparison to the number of examples of normal
system behaviour, due to the reliability of such systems. In
such cases, there are typically too few examples of system
faults to be used to construct a robust two- or multi-class
classifier, as would be used in a conventional “fault dedetti
approach to condition monitoring. For example, an engine
health monitoring (EHM) system may have available many
thousands of hours of data acquired from normal flying time
with very few examples of failure throughout its operationa
life.

The difficulties of monitoring high-integrity systems are
further compounded by inter-system variability. Differén-
stances of the same system type (such as different patiénts o
the same age) are often so different in their observed data th
examples of abnormal system behaviour from one instance are
inapplicable to the condition of other instances. For eXamp
a heart rate of 50 beats per minute may be indicative of

Novelty detection, also termed one-class classification, iconsiderable physiological abnormality in one hospitaigps,
volves construction of a model of normality using examplis avhile it may be entirely normal for a healthier patient of the
normal system behaviour, and then classifies test datalas eisame age and background.
normal or abnormal with respect to that model. This techmiqu Finally, high-integrity systems typically exhibit a higled



gree of structural complexity, and can often comprise mamyith parameters

millions of components and sub-systems that interact inma no N,
linear manner. Thus, the potential space of “abnormaligy” i w, = Z a; ®(s;) 3)
extremely large, and so the large resultant number of filur ]
modes is often poorly understood. N, N.

Novelty detection avoids such problems by modelling the P = 1 aik(si,s;), (4)
normal mode of operation of the system, which is often N J=1i=1

well-understood because most high-integrity systemstioimc _ .
“normally” most of the time. They then seek to identinyhere si are the support vectors, of which there aKg,

_ . - _.7and wherek is a kernel function, typically a multivariate
deviations from that normal model. Such condition monitgri . . . : .

o . . . Gaussian with bandwidtl, which provides the dot product
applications are of particular interest to the techniquexset

oped within this paper. of transformed data iif:
k(xi,x;) = @(x;) P(x;) (5)
B. Overview = exp| — [|xi —x;]|?/(207)]. (6)

This paper considers the one-class support vector machine
(SVM), which is a commonly-used method of performin%“;’e

novelty detection. Its formulation is briefly recapped incSe ) :
tion Il, where its disadvantages with respect to probatilis be found in [5],_and which are not rep_roduced here_. T_hus,
normal data (i.e., those outside the single, normalitrgin

methods are discussed. A probabilistic extension to the o .
class SVM is proposed, which requires the generation 6 ss) take higher values afx) than those fornormal data,

artificial data using the available normal data. Section Iﬂnd hence:(x) is a novelty score.

describes methods for generating such data, which are then

used for calibrating the output of the SVM into estimates d3. Disadvantages of the Conventional Formulation

the class-conditional probabilities, in Section IV. Theposed  The one-class SVM, as with the conventional multi-class
probabilistic approach is illustrated using both simudadiata, svM, has been repeatedly demonstrated to perform well at the
and real-world case studies. The latter include data frosk of separating classes within example datasets. Tpica
monitoring a large industrial combustion system, and frofp outperforms probabilistic methods in retrospectivedsta

the analysis of patient vital signs, described in Sections Yn terms of misclassification rate), when on-line analyisis
and VI, respectively. Limitations of the method, and paEnt not performed [8]. However, its non-probabilistic formiide

€ F, po € R, and thata; are Lagrangian multipliers
d to solve the dual formulation, more details of which may

future extensions, are also discussed in Section VIL. gives rise to several disadvantages with respect to priidstibi
methods [9], [10].
Il. ONE-CLASS SVMs « Uncertainty in classification is not modelled. This is of

The SVM is an oft-employed method of performing novelty  importance in the monitoring of high-integrity systems,
detection, and it has been applied to many such problems, for example, because it may be advantageous for a deci-

including jet engine condition monitoring [1], signal segm sion to be made only if the certainty in classification is
tation [2], and fMRI analysis [3], among many others, a revie sufficiently high. Monitoring systems that provide “don’t
of which may be found in [4]. know” outputs can often be more accepted in practice

[11], due to their appropriate handling of uncertainty,
which can reduce false-positive classifications (at the

] ) ] expense of reduced sensitivity to system abnormality).
This paper considers the one-class SVM formulation pro- , not explicitly modelling the uncertainty in the classifica-

A. Formulation

posed by [5], ig which a numbet of d-dimensional data tion makes it difficult to obtain “error bars” on the output,
X1,...,x; € RY are mapped into a (potentially infinite- 55 would be required, for example, in a decision support
dimensional) feature spad by some non-linear transforma- system [12].

tio.n'«}:.Rd — I, where the data are linearly separable from the | crgss.validation is required to set model parameters,
origin in IF.'We note in passing that this apprqach is typlcally such as the novelty threshold on the novelty scae).
employed in favour of the one-class formulation proposed in  This is computationally expensive, and can require the

[6] and [7], in which a hypersphere of minimum radius is  «ho|ging out” of data, such that the quantity of data
found to enclose the data i, but which can be considered  gygjlable for training is decreased. In many condition

to be equivalent to the separation from the origin in theufesat monitoring applications, the rate of data acquisition is
Space. . . low, and hence, if a model is being learned on-line, all
We here define the output of the one-class SVM in the  4y4ijaple data must be used for training if the model
following manner, to be interpreted as a novelty score, is to be able to sufficiently characterise normal system
2(x) = po— W, B(x) (1) behaviour. For example, a common application is the

N. monitoring of jet engines, in which a very small humber
0 _Zaik(si x) @) of data are broadcast from the aircraft to a ground-
=1

based monitoring station via limited-bandwidth satellite



or airport-based communications systems [13], [14]. This In this section, we provide a possible solution to the pnoble

limited quantity of data must be used to learn a modély generating artificial samples to be used as a dataseblkuita

of normality on-line, such that monitoring can take plactor calibration of the novelty scores.

after completion of a small number of flights. Similarly, We will describe the generation of artificial normal data

in the home monitoring of patients with chronic illnessed\, and artificial abnormal dat&. These sets must be based

a typical “m-health” monitoring system may acquireentirely on the real, available normal dataacquired from

measurements of vital signs (such as blood pressure @hd system, as we cannot assume the existence of a non-

temperature) daily or twice-daily, from which meaningfuempty B, nor can we assume that what limited examples we

models of normality must be constructed on-line [15nay have inB provide a complete understanding of abnormal

[16]. conditions for our system. (This latter effect is due to linte

« Finally, probabilistic approaches allow the use of periptsystem variability, and the large numbers of failure modies t
eral classification techniques, such as probabilistiafeat may occur for a complex system, as described in Section 1.)
selection [17] and probabilistic combination-of-clasgiéi
s [18]-20]. . . B Generating Normal Data, and Abnormal DataB

everal probabilistic extensions have been proposed for
multi-class SVMs, which will be reviewed in Section IV, wil ~ Generating artificial abnormal data has been used in novelty
other techniques such as Relevance Vector Machines (RVMi§fection problems where only normal data are available
have sought to embed probabilistic, sometimes Bayesid&ol: [26]. Generating a compact set of artificial abnormal
methodologies into the multi-class kernel machine frantewodata can avoid dealing with excessive quantities of empty
[10], [21], [22]. This paper develops probabilistic catition feature space around the normal data [26]. In [25], unifgrml
techniques for one-class SVMs, suitable for performindioe- distributed artificial abnormal data were generated toosund
novelty detection, which will be described in Section Ivider @ hypersphere of normal data, where the latter were assumed t

to that, we introduce the notion of artificial data generatio’@ve a multivariate, unimodal Gaussian distribution. Aiksim
in Section 11, which will be required by our probabilistic@PProach was employed in [26], whereby artificial abnormal

calibration method. data generated around normal data were used to form closed
decision boundaries for a multi-layer perceptron (MLP). We
I1l. GENERATING ARTIFICIAL CALIBRATION DATA note that, in all such work, the artificial data have been used

merely to ensure that a decision boundary can be constructed
around the single, known class of normal data; hence, no
strong assumption is made about the abnormal class, other
than that it lies outside the locus of normal data.
s(x) = M, (7) Let r be the average Euclidean distance of the real normal

2a datax; € A to their centroidc, and let N be the number
wheres(x) is the re-scaled score in the ran@el]. However, of those real normal data; i.e,= 1...N. The procedure
s(x) tends to be poorly calibrated because the novelty scdeg generating artificial data consists of the following ffou
z(x) may not be proportional to the actual probability okteps, which have been adapted from [25], [26] to include
the sample being abnormal [23]. Different approaches tfhe generation of artificial normal dafa

Suppose the range of novelty scorgs) produced by a
one-class classifier is-a, a], thenz(x) may be mapped onto
the range€l0, 1] through a simple linear re-scaling

calibration must therefore be considered. STEP 1.Generate uniformly distributed artificial dateside
and around real normal dataA in a hyper-sphere of radius
A. Justification of the Need for Artificial Data r.. We have chosem, = 2r to generate a compact set of

In the following, we here denote sets and B to refer data outside the real normal data, as required in step 4 below
to those data available during classifier construction th&esults from experiments not shown here indicatethat 2r
are normal and abnormal, respectively. Typically, in ntyweldoes not improve the performance of the calibration using
detection applicationB is empty or under-represented. the one-class SVM classifier, because this simply involves
Previous studies of two-class SVMs have shown that callie generation of data further out into the already “abnérma
bration of output into probabilities requires a separatéedaa regions of the data space.
tion set [24], which comprises a suitable number of normdlan STEP 2. For each real normak; € A define a local
abnormal examples (i.ed andB of suitable size). However, average distance quantity, to be the average of the Euclidean
as noted in Section |, novelty detection applications tgiiyc distance of itsk-nearest neighbours; = +/N. The global
have very few examples iB. average distancé\, is found by averaging); over all the
Furthermore, for small datasets such as those that may od&al normal data.
in some low-bandwidth condition monitoring applicatioas, STEP 3.For each artificial data-point, find the distantg
discussed in the previous section, one cannot afford thdurt from its nearest neighbour among the real normal data
split the training set of normal examplésto form a validation =~ STEP 4a.Those artificial data with\, > A,(1+d,) lie
set suitable for calibration. outside the locus of real normal datq and are thus used to
Thus, with an under-represented (or frequently empty) atwrm the artificial abnormal seb.
normal setB, and a potentially limited normal sek, an The parameterd, € R™ controls the boundary space
alternative approach must be taken to probabilistic cafibn. between the real normal data and the artificial abnormal



dataB; a greater value of, increases the separation between € [0, 1], the empirical probability?(C|s(x) = s) can be
the two sets. calculated as being the number of data with scer¢hat
STEP 4b. Those artificial data withA, < Ay(1 —d,) belongs to class’ divided by the number of all samples with
are used to form the artificial normal sét The parameter scores. If the classifier is well-calibrated, the plot efversus
d, € [0,1] is usually a small positive value, which determine®(C|s(x) = s) will be the liney = x, meaning that the scores
how close to the boundary of the locus of real normal data are equal to the empirical probabilities. However, for mafy
that the artificial normal data are permitted to approach. Asthe novelty detection datasets that we have considereti, suc
d, — 0, the artificial “normal” dataA reach the edge of the as those described later in this paper, the reliability iy
locus of the real “normal” data. shows that the above assumption is not reasonable [8].
The values of parametedis andd,, are additional quantities
that one may optimise during the modelling process, amgl Binning
which may be determined with prior knowledge of the domain
or with knowledge of any abnormal examples that may exis&
in the case studies considered later, we follow the analg

_A histogram method, also termdsnning can be used to
btain calibrated probabilities from aiiwa Bayesian classifier
. . . (Tgl]. The training samples are first sorted according torthei
method described in [26] by setting, = 0.1, andda = 0.5.  ¢.q0c- the sorted set is then divided intsubsets of equal

We note in passing that there_ _is no strong link betw_eesrﬂze’ callecbins For each binB; (: = 1,...,b), the lower and
the method used to generate artificial data and the algorith ber boundary of scores within that bin are calculatedeiv

used ultimately to perform novelty detection. It is feasijldbr test examplex from B, the probability thatx belongs to

eX"?‘T“P'e’ that we might use the above algorlthm to gener%gssc is estimated as the fraction of all samplesBn that
artificial data and then re-use parts of the algorithm to for@elong to clasg’

a k-nearest neighbour analysis for eventual novelty deﬂacﬂo_ The number of bing determines the number of different

However, the focus of the_ work descr.|t_)eq by this Ioapergrobability estimates, and must be small enough to reduee th
to demonstrate the benefit o_f.probab|llst|c.output f_or ONQ7ariance of the probability estimates [31]. For instarice, 10
class SVMs, due to the tr.adltlonally superior classifiaatio as used in [31]. Compared with uncalibrated scores, binin
performance of the latter with respect to many other metho}%proves the accuracy of probability estimates by reducing
[8]. both variance and bias, at the price of reduced resolution of
probability estimates.
IV. CALIBRATING NOVELTY SCORES INTOPROBABILITIES The binning method is a non_parametric method which
In this section, we investigate several methods of caliigat does not make any assumption about the mapping function
novelty scoresz(x) into class-conditional probabilities. Thebetween the output scores and probabilities, but it hasraleve
most popular methods in the literature for achieving thidisadvantages [23]. First, the number of bings normally
calibration (with multi-class classifiers) inclug@gmoid fitting ~ chosen by cross-validation. However, cross-validatioterof
binning and isotonic regression The first two are briefly fails to indicate the optimal value of if the training set
recapped in subsections IV-A, and IV-B, respectively. is too small or unbalanced, as may be the case in novelty
detection applications. Second, the size of the bins is fixed
A. Sigmoid Fitting and the position of boundaries_, are caIcu_Iated accordir_igly.
' two examples from the same bin are required to have different
In [27], and recently refined in [28], a sigmoid functionprobability estimates, the binning method may fail to proglu
is used to map the output of a two-class SVM classifier ontaeaningfully calibrated novelty scores. We have choseraot
probabilities. With training data labelled according{to;, y:}, use the binning method for our calibration task due to these
i=1,...,n, 5 € {—1,1}, x; € R%, a typical unthresholded shortcomings.
outputz(x) of a two-class SVM classifier [29] is

N, C. Isotonic Regression
2(x) = Zaiyik(sivx) + bo, 8) In [23], and further examined in [32], it was proposed to use
i=1 an intermediary approach between sigmoid fitting and biopnin
whereb, is the offset of an optimal hyperplane. termed isotonic regression. The latter is a non-parametric

If we are to apply the method to one-class SVM classifieferm of regression, with the restriction that the mappingir
for the purposes of novelty detection, this technique megui novelty scoresz(x) into probabilities is isotonic (i.e., non-
further evaluation. It is reported in [23] that, for someadsgts, decreasing). Essentially, we wish to ensure that data akeda
the sigmoid shape does not appear to fit two-cla$genBayes correctly: a higher novelty score should always correspiond
scores as closely as it fits two-class SVM scores. Furthermaoa higher probability of belonging to the abnormal class, and
the sigmoid-fitting method is based on the assumption thate versa.
class-conditional densities(z | y = +1) are exponential, The pool- or pair-adjacent violators (PAV) algorithm is
motivated by the empirical distribution of many data sef}[2 employed to perform the isotonic regression, which finds the
[27]. For different data sets, the suitability of a calilwat stepwise-constant isotonic functigyi(x) that fits the data
method needs to be validated using a reliability diagrani¢clvh according to a mean-squared-error criterion. This allgorit
visualises the calibration of a classifier [30]. For eachracoallows us to identify those cases in which correct rankingpis



taking place; that is, the PAV algorithms ensures that high€his calibration results in a PAV isotonic regression fimrct

novelty scores always correspond to higher probabilities ¢*(x).

being “abnormal”. STEP 4. Calibrate novelty scores(x) of all real data into
Letx; (i = 1,...,n) be the training examples from normalprobabilities according tg*(x) obtained in STEP 3.

and abnormal class€s”y, C }, let g(x;) be the value of the A novelty threshold: may be set by taking advantage of the

function to be learned for each training sample, angjf¢k) probabilistic nature of the output, #(C4|x) > « = 0.5, on

be the isotonic function obtained from isotonic regressidre the calibrated novelty scores; i.e., a test sample classified

PAV algorithm works as follows. abnormal if P(C4|x) > 0.5, and normal otherwise. We use
STEP 1. Sort the examplex; according to their novelty the thresholdx = 0.5 following [21], [33] for problems in
scores z(x;), in ascending order. Initialisg(x;,) = 0 if which we have uniform class priors. Case studies presented

x; € Cp, Or g(x;) = 1if x; € Cq. Itis most likely that at this in subsequent chapters will demonstrate the suitability of
stage there will be several cases in which higher noveltyescothis choice in application to datasets acquired during the
do not correspond to higher probabilities of being “abnormalonitoring of example high-integrity systems. We will also
and vice versa. show results of area-under-the-ROC, for which all values of
STEP 2.If g(x;) is isotonic, then returg*(x;) = g(x;). the threshold are considered.
Else, proceed to STEP 3.
STEP 3.Find a subscript such thaty(x;) > g(x;+1). The V. CASE STUDY |: INDUSTRIAL COMBUSTION
examples;, andx;,, are called pair-adjacent violators. These MONITORING
are pairs that violate our requirement that increasing ityve
scores correspond to increasing probabilities of abnatynal
We then replace(x;) and g(x;+1) with their average

Introduction

To demonstrate the proposed novelty detection method, this
section considers the condition monitoring of an induktria
g (xi) = 9" (Xiv1) = [9(x:) + g(xit1)] /2. (9) combustion system, the Typhoon G30 combustor (Siemans

This replacement removes the conflict, by smoothing the cfdustrial Turbomachinery Ltd.).

(by introducing a quantisation in the probability, accagito ~ Combustion instability, caused by the resonant coupling
the average described above). between combustive heat and acoustic pressure, is a major

STEP 4.Setg(x;) as the newy*(x;). Proceed to STEP 2. problem in_the operation (_)f je_t engi_n_es _and power generators
Thus,¢*(x) is a step-wise constant function which consistsary warning of combgshon |nstab|I|ty.|s required t.o peev
of horizontal intervals, and may be interpreted R&™ |x), catastrophic system fa|lure, and_deFec‘uon of a dewamaya
the probability that sample is abnormal. For a test examplefom normal operating status is important for being able
x, we first find the interval to which its scorg(x) belongs. to per_form pre-emptive maintenance, such that hazards (and
Then we set the value af(x) in this interval to beP(Cy |x), @ssociated costs) can be avoided.
the probability estimate of’; given x.
If the scores rank all examples correctly, then all clasd Methodology
Co examples will appear before all clags, examples in  As described in Section |, it is often desirable to perform
the sorted data set in STEP 1. The calibrated prObabiletem-speciﬁc nove|ty detection, in which a model of nor-
estimateg”(x) = 0 for classCy, andg*(x) = 1 for classC1.  mality M (8), with parameter®, is constructed on-line using
Conversely, if the scores do not provide any informatipiix)  data acquired from an individual system during its serviiee |
will be a constant function, taking the value of the averagejs typically assumed that the first training interval carsps
score over all examples in clags. normal datad, such that a model can be constructed. (This
The PAV algorithm used in isotonic regression may bgssumption can be validated on-line by performing an initia
viewed as a binning algorithm, in which the position and th@omparison of data acquired during the system’s first period
size of the bins are chosen according to how well the classifig operation with a population-generic model, trained gsin
ranks the samples [23]. Therefore, the isotonic regressigata acquired from a population of systems of the same type.)
overcomes the previously-described drawbacks of the binniThat modeld (6) is then used for testing further data acquired

method. from the system, such that new data are compared for novelty
o . o ' with respect to the previous, assumed normal, operation of
D. Obtaining and Using the Calibration Function that same system [34]. This model may be periodically re-

Isotonic regression may now be used with the artificitained as further normal data are acquired; for examylgg)
data generated as described in Section Ill, using the fallgw may be re-trained at the end of each flight that is deemed

procedure. R R to be normal compared with the existing model, in the case
STEP 1.Generate artificial normal and abnormaB data, of aerospace EHM [35]. In the case of human vital-sign
using the method in Section IlIlI. monitoring, the model could be re-trained after evaiyhour

STEP 2. Construct a one-class SVM classifier followingperiod of normal patient physiology [36], [37].
the method in Section IlI, using a training set comprising all In the case study described in this section, the initial radrm
available real normal datA. period of system operation was simulated by operating the
STEP 3. Calibrate the novelty scoregx) from the one- Typhoon G30 combustor in a stable manner at atmospheric
class SVM classifier into probabilitieB(C,, |z), using{A,B}. pressure. Normal datA were acquired from the system, as



. . . TABLE |
described below, from which a model of normalify () DATASET INDICES FOR EXAMPLE REAL AND SYNTHETIC COMBUSTION

was constructed using both (i) the proposed method, in DATASETS.

which probabilistic calibration was performed, and (iieth

conventional method, in which probabilistic calibratiorasv Dataset| A | B | Total size
not performed. Subsequently-acquired data were thendteste D, 141 | 42, .89 89
against this model. To examine the capability of the two Dy 1...56 | 57...115 115
novelty detection systems, the combustor then simulated a g 1...200| 201...400| 400

fault by being deliberately operated in a manner that prechot
unstable combustion.

This abnormal operation was achieved by increasing fuglndow, to provide a bivariate data space. We note that the
flow-rates above some threshold, while maintaining a comstase study described in this section is bivariate, suchtkieat
air flow-rate, which provided abnormal test d&@tavith which  data space can be plotted to illustrate the proposed novelty
to evaluate the performance of the system-specific model qétection procedure; a multivariate example using patiiait
normality constructed previously. sign data is considered in the next section.

This procedure yielded 41 bivariate feature vectors of nor-
mal datad\, and 48 bivariate feature vectors of abnormal data
for example combustion dataset. 56, and 59 feature vectors

Two combustion datasetsD:, Dy} were acquired from a for normal A, and abnormaB were obtained for datas@®,
Typhoon G30 combustor, as described in the previous SeCt'Qé’spectively.

Each combustion dataset consists of measurements from thre,:Or comparison, a synthetic combustion datasetas also

channels{ X, X, X3}, with sampling frequencies of 1 kHz. generated, consisting of 200 normal examplesrom which
Channel X, is the gas pressure of the fuel methane {LH 4 construct a model of normality, and 200 abnormal examples
in the main burner. For stable combustion, the swirl air floy§ \vith which to examine the performance of the resulting
rate was 0.039 kgs ; the fuel supplied to the main, and thénovelty detection system. These examples were generated
pilot burners was f|>£e1d at flow rate®.61 x 107 k@s™",  from a bivariate, three-component GMM, with full covarianc
.andlol._QQ x 10~* kgs™ !, respectively. To }nltlate combu;tlon matrices. Table | shows the components of each dataset used
instabilities, the flow rates of fuel supplied to the main angy the case study in this section.

. . —4 —1 . .
pilot burners were mEEleaseijl @6.18 x 107% kgs™', and " A key point to note is that these datasets are used solely
decreased tc4.37_>< 1Q kgs~!, respectively. ChanngIS_’g for the purposes of retrospective evaluation of the progose
and X3 are luminosity measurements recorded within the, elty detection technique, and hence we have collected
combustion chamber. A bundle of fine optical fibres Wagample abnormal test datk with which to determine the
mounted at the rear focal point of a Nikon 35 mm camera, sughectiveness of the one-class SVMs under consideration.
that all light passing through the front lens was collecte \ypen novelty detection is performed in practice, as noted
flame luminosity from the combustion chamber was meas“rSFEviously only data assumed to be normakre available
using this system. The fibre optic bundle was bifurcatedh €ag,y, which the model of normality is constructed. Indeeds du
channel connected to a photomultiplier (ORIEL model 70704}, the rarity of abnormal events in most high-integrity syss,
This design allowed the measurement of chemiluminescenls ysually the case that most such systems run “normally”
emitters of G radicals (visible at light wavelength 513 nm)r the great majority of their operational lives. If suféait
and the global intensity of unfiltered light, corresponding 4pnormal data were available at the training stage suctathat
the second.and third _channels in the c_iatasets, respectlvelypossime fault conditions could be represented, then ong ma

Combustion flame images from a high-speed camera hayssider taking a conventional multi-class approach incivhi
been investigated to predict instability [38], in which &ach abnormal condition is explicitly modelled. Such aesyst
Gaussian mixture model (GMM) was constructed to identifyy1g pe expected to out-perform a one-class classifierfalue
novel flame patterns. A novelty detection method using SVMge inclusion of prior knowledge of non-normal classes [21]
[39] was able to achieve earlier identification of combustioperformance of a system using unlabelled data, with urledbel
instability, and greater dlstlnctlon between stable anstakﬂe. abnormal examples mixed with the known normal examples,
classes than the conventional GMM method. The opticghyid also be expected to out-perform a novelty detection
measurements method_s described above hav_e been useg,égam [44]-[46]. However, we will here confine ourselves
study the flame dynamics of unstable combustion [40]. o evaluating the proposed extension to the one-class SVM

The two triple-channel combustion datas¢f3;, D>} CON-  method, which represents the “standard” condition moimigpr

tain 5,700, and 7,400 data-points, respectively, whichewegase in which only normal data are available at the time of
divided into non-overlapping windows of length= 64. This  nodel construction.

design resulted in 89, and 115 windows of data for datasets
D1, andD,, respectively. Wavelet analysis [41], [42] was used
with the Daubechies-3 wavelet function, to obtain wavel
coefficients for each window. Following [43], the mean value The conventional one-class SVM requires use of a validation
of the first-level approximation coefficients and the energy set to determine the threshold on its novelty-score output

of the first-level detail coefficients; were obtained for each z(x). Hence, we illustrate this case for the conventional

C. Datasets

. Model Construction



method by using 80% of the available normal datafor values ofda over that range, using each dataset considered

construction of a model of normality, and the remaining 209 this paper. This insensitivity to the value efn was

of the normal data\ for setting of the novelty threshold, suchpreviously observed by other authors [49]. We note that this

that x = max| 2(X,) |, whereX, is the validation set. value may be inappropriate for data spaces of particulagly h
The SVM has two key parameters, the values of which nedimension (e.g., 20-dimensional spaces), which this papes

to be determined. The validation set is typically used t@det not consider, where a larger value & may be appropriate.

mine these values. The first parameter is the kernel bandwidt Furthermore, it is common for the SV parameter (the

o, as defined in (5), which corresponds to the width of thigexibility of the decision boundary) to be written in terms o

Gaussian kernel. The second parameter is typically teifheda different parameter:

which defines the complexity of the decision boundary: 1
C=—. (12)
1 , l vl
i —= C i — 10 i
wer, B L2 Wil + ;5 p (10)  The support vector constraints [47]

dai=1, 0<a; <C (13)

subjectto (w-®(x)) = p—& &0,  (11) i
6{[nply that the range of th€ parameter i1/l < C < 1];
and so, from the above, we have the range dowhich is
1/l < v < 1]. This result shows that the parametersand

have the same range. The parametewnas introduced in
L . the SVM literature because it serves as an upper bound on the
More intuitively, the value of the” parameter determmesnumber of training samples that lie on the wrong side of the

the fle>.<|b|I|ty of the deC|s!on boypdqry, iC" takes !arge hyperplane (i.e., it is the maximum mis-classification yate
values in the above, then misclassifications are penalised m, :

oo e - . is also a lower bound on the fraction of support vectors among
significantly, resulting in a decision boundary that is mor

flexible, attemping to include all training data. Conveysel flormal training data [5]. We therefore use the parametinisa
if C taI;es sma?ll \?alues in the above thgen miéclassifﬁ:yjtioir?VOIVing v instead ok, due o its clear meaning, as described

. e s HBove. If we wish, the value af can be easily recovered by
are penalised less, and therefore more “misclassificétemes

. . .. (12).

allowed to occur. This latter case results in a smoothersé®ei ™\ o oo e proposed probabilistic one-class SVM
boundary [48]. A grid search is typically performed to ohtai

. ; . methodSVM-1PR
suitable values fofC, o }. We will term the conventional one-
class SVM methodVM-1

As noted in the previous section, the proposed probakilisf- Results - Conventional Methods
approach allows automatic selection of a novelty threslabld Fig. 1 shows the results obtained when applying conven-
P(Cq|x) = 0.5, and hence all available normal dataat the tional method SVM-1 to the synthetic datasef. Part (a)
time of model construction may be used as the training s#iows the contour plot of SVM output in the bivariate data
for the one-class SVM. The data in the training detvere space. Normal training datéd are shown by white{x }.
then used to generaf€ = 200 artificial A data, andV = 200 “Normal,” and abnormal test data are shown by wHjte},
artificial B data, as described in Section Il, for the purposes ahd black{-}, respectively. Support vectors are circled. Part
calibrating the SVM output into probabilities. The choideso (b) shows the novelty score of each of the dalaconsists
in (5) may also be performed automatically, without the neesf 200 normal data, simulating the initial period of normal
for validation, noting that, for a Gaussian kerrigl;,x;), system operation, and 200 abnormal data here generated to
the quantity— log k(x;,x;) is the Euclidean distance betweerevaluate the novelty detection system, and to simulatetarsys
any two samples scaled by a factbf(20?). Based on this abnormality (which would be rare, in practice). In procedur
close link betweerr and Euclidean distance, we propose th8VM-1 80% of the real normal data (data indices 1...160) are
following method to determine an appropriate value #&r used for training the one-class SVM, with the remainder of th
based on a similar method proposed by [49] for selectingnormal data (data indices 161...200) used as the validation
in a density estimator. set. The threshold is represented by a horizontal line, and i

First, as described before, we calculate the local averaggt to be the maximum scorgx) assigned to data in the
Euclidean distance)\; of k£ nearest neighbours from eachvalidation set. The normal datA occupy a region in the
sample in the training data, whefkeis set to be the squareupper-right quadrant of the data space, and the convemhtiona
root of the number of normal training samplés Next, the SVM has correctly delimited the locus of “normality”, as
global average distanc&, is found by averaging\; over all shown in Fig. 1(a). Data acquired from a conventional high-
the training data. The value ak, provides a guide for the integrity system would spend the majority (if not the erigije
range ofo, such thate = da * A . Experiments not shown of their time contained within this locus, and hence would
here (using each dataset considered in this article) itelicde classified normal, because the corresponding conveahtion
that the results obtained are insensitive to the valug0f SVM novelty scores:(x) fall beneath the novelty threshold
and we have selectedn = 1.5. These experiments variedx, as illustrated in Fig. 1(b). In this synthetic example, the
da € [1 2], where ROC values were similar to 1 d.p. fosimulated fault, occurring at data index 201 and persisting

where¢; are the individual errors [47]. We note the notation
distinction between the SVM parameté€; and the class
labels{Cy, C4 } previously used to describe the “normal,” an
“abnormal” classes, respectively.
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. . . TABLE I
for the remainder of the dataset, results in data that lid-Welpara inpex oF THE FIRST ABNORMAL CLASSIFICATION, ACCORDING TO

separated from the locus of normal data. Note that normal dat EACH CLASSIFIER
in the validation set take significantly larger novelty sor
than the training data, as may be seen:fot146), 2(x169), and
z(x198). Hence, the selection of a suitable novelty threshold
k requires care when using the conventional one-class SVM X1 X Xz | Xy Xp X3
formulation, SVM-1 _ _ SVM-1 47 45 45| 61 60 45| 201
Fig. 2 shows the results obtained when applying the con- SVM-1P 43 45 44| 57 57 58| 201
ventional SVM-1to the example bivariate datasé?;. Parts GMM 47 46 46 | 62 60 59| 201
(a), (b), and (c) show contour plots of SVM novelty scores
z(x) in the bivariate data space of each channel, using the
same notation as previously shown. Part (d) shows the ryov

scoresz(x) of channels{X, X5, X3}, from upper to lower ¢, yoqcrintion of “abnormality”, which motivates the usé

figures, respectively. UsingVM-1, normal dataA indices i o e )
1...33 have been used as the training data, with the rerrTaint (F? one-class approach for monitoring high-integrity ey,

e re only “normality” is typically well-understood. Fig

of normal data 34...41 used as validation data. The see Fq/\ﬁ/ . . ;
) . r) shows th -wise linear nature of i ni

fault data, used to test the novelty detection system, Cisepry ower) shows the step-wise linear nature of #fiex) isotonic

the abnormal dat® indices 42...89. While the separatior}zgztg[’g'lrhe figure shows thar' (x) takes all values in the

of fault data from normal data is generally large, it may be Results obtained by applying the calibration method to

seen that more overlap exists between the two classes tQQ” A ;
. ; . emplar dataseD; are shown in Fig. 4. Part (a) illustrates
with the synthetic datasét. This overlap adversely affects the P ! 9 (@)

. i calibration results for channet, showing (upper) the gen-
ability of the conventionaBVM-1method to set the noyglty.eration of artificial data{A, B} from normal datasef\, and
thresholdx on the novelty score such that the classifier

) . . he corresponding isotonig*(x) function. Part (b) shows
suitably sensitive to the subsequently-acquired abnodat output estimated probabilities for each of the three chisnne

B from the seeded fault. This effect is most evident for th{eX1 X, X3}, Fig. 4 shows that the locus of data space
SVM that is trained using data from chanrig], in which one occupied by the data acquired during fault conditi@hdies

O.f th.?. Valtlld atlodn data:ﬁ7 takes_t_althlgr]: tr;]ovelty Slfo(rjw@(:hsignificantly far from the locus of normal dats, and from
signiticantly reduces the sensilivity ot the novelty the toroidal structure of the artificial daf& that were used

the T?u!t data.tS?ll?]r_lyh the SltVM tramedﬂ:or cf;}anrﬁlﬁ] for calibration. The corresponding calibrated probaletitfor
:]eo‘c;lrjn; I\?al(;’(cj)gtsioin détafet novelty scorege) throughout the this well-separated data space are therefore extremahgtak
. o . values close to 0 and 1. Thepriori selection of the novelty
The earliest detection of the fault is at; for channel thresholdx at P(Cy|x) = 0.5 is shown in Fig. 4(b), which
X1, at x5 for channel X,, and atxs; for channelXs, . ¢ that the estimated probabilities have been forced int
despite the onset of the fault occurringsaf, in each case. the extrema of the rang® — [0 1]. The onset of the fault

'drhus, thedconver_wtt.m.)tnal (_)tr;]e-class metlfﬁ)t:\t/lt-jlr:as rgtshulted N conditions is detected earlier than with the coventionahoe
ecreased sensitivity with respect to fault data, with a lpem SVM-1 as shown in Table Il. Recall from Table | that the

of false-negative classifications of the earlier fault dathais onset of abnormality in datas@, occurs at data index,,

_retsult_tls of ?arncular S|_ﬂnt|)f|cg_nce n ‘Qe. mSon|:pr|n%|?f hig which therefore represents the point at which earilestatiete
integrity systems, as Wil be discussed in section Vil. .could occur. The proposed method identifies the determrati

hWe consider %ISO the usedof a GM'?]/I cross-valldatec; us'%tﬂ/e second abnormal window,s, which is earlier than the
the same procedure as used to set the parameters of me entional one-class SVM and the GMM.

SVM-1 We note that the GMM typically performs less well

than the SVM, in terms of both earliest warning of abnorrngalit ) )

and the overall area-under-the-curve (AUC), where theeur: Discussion

is the receiver operating characteristic (ROC) curve. Results obtained for datasé?, are shown in Table II,
where it may be seen that the differences between methods
SVM-1 GMM, and SVM-1Pare similar to those illustrated

F. Results - Proposed MethdgvM-1P in more detail for dataseD;, above. Recall from Table |

Fig. 3 illustrates the proposed calibration mett®dM-1P that the onset of seeded fault conditions occurred at data

applied to synthetic datasét. The upper figure shows realindex x57 for datasetD,, which indicates that the proposed

{A,B}, and artificial{A, B} data generated arounkt it may methodSVM-1Pis sufficiently sensitive to detect the onset of

be seen that the locus of artificial abnormal dtés a torus unstable combustion, while the conventional metti®dMv-1

around the normal datad from which they were generated.is less sensitive, and, in the case of chankig] generates a

The lower figure shows the corresponding isotonic functidalse alarm by incorrectly classifying normal data index

g* obtained using the artificial datdd,B}, on which the as being abnormal. Such false alarms are one of the principal

calibrated probabilities obtained from all data are markdte reasons that conventional monitoring systems are ignared i

locus of dataB occupied by the simulated fault is confined tgractice, as discussed in Section VII. Again, the SVM-based

the lower-left quadrant of the bivariate data space, whech finethods outperform the GMM. The (specificity, sensitivity)

Dy Do g

%pical for novelty detection applications. The fault istreo
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TABLE Il
AUC VALUES FOR EACH METHOD.

0.98
0.99
0.96

SVM-1 0.88
SVM-1P 0.95
GMM  0.81

0.84 0.87

for SVM-1 GMM, andSVM-1Pwere (0.92, 0.91), (0.88, 0.87),
and (0.95, 0.92), respectively, for dataget, using cross-
validation thresholds foBVM-1landGMM, and a probabilistic
threshold of P = 0.5 for SVM-1P

AUC results for both methods, for all datasets, are reported
in Table Ill, where it may be seen that the proposed method
performs similarly using the synthetic datasgtdue to the
separability of the simulated abnormal conditions from the
normal conditions; however, the proposed method provides
a noticeable increase in AUC for the exemplar combustion
datasets{D;, D, }, indicating that the increase in sensitivity
to fault conditions, illustrated in the previous subsetsichas
not come at the expense of decreased specificity (i.e., ite fa
alarm rate is kept sufficiently low as to be usable in pragtice

V1. CASE STUDY |l: PATIENT VITAL-SIGN MONITORING

This section reports results obtained from evaluating both
SVM-1land SVM-1Pusing dataseD3, which is an example of
novelty detection for patient vital-sign monitoring. Whase
the previous section evaluated the performance of the algo-
rithm using bivariate data, such that the data space could
be plotted to illustrate the SVM output and the probabdisti
calibration method, this section examines the use of the
algorithm for higher-dimensional data.
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A. Dataset I ‘ i

This section considers vital-sign data acquired from pétie ! Cemm T
in a step-down unit (SDU), which is a level of acuity lowe *°f :' Pl 1
than that of the intensive care unit (ICU). There is a net by -
for effective novelty detection systems in such wards, bsea 08| !
patient deterioration can go unnoticed by clinical stafgding
to adverse patient outcomes [50]. Existing patient mosito3 o.7-
generated univariate alarms whenever vital signs exceme sc &

pre-defined threshold, and often go unheeded due to the h 4

vity

1
1
false-positive rate of such alarms, where [51] reportedltes if
of a study in which it was deemed that 84% of alarms we 0_5; ,' |
false. "
The dataset used for the work described by this secti 3
comprises measurements of heart rate, breathing rated bl *“% 0.05 o1 015 02 025 03

oxygen saturation, and systolic blood pressure. Data we.c 1 = specificlty

acqu!red_once every four hours by_ ward staff (as is Commngﬁl;. 6. ROC curves folV = 20 statistically independent evaluations.
practice in most SDU-level wards in the UK and the US) at
the Oxford Cancer Hospital, Oxford, UK. 3,000 such vectors

x; € R* were acquired from 40 patients. misclassifes significantly more normal data with respedtsto
model of normality (including some training data) than does
B. Methodology the proposed metho8VM-1P due to the poor separation of

As in Section V, procedureSVM-1 and SVM-1P were SVM-1novelty scores:(x) between the two classes.
applied, using the conventional and proposed methodalpgie ROC curves for each method, evaluated oveér= 20

respectively. A novelty detection approach is particyladit- Statistically independent experiments, are shown in Fig. 6
able to the analysis of vital-sign data from hospital patien Where methodsSVM-1R SVM-1 and GMM are shown in

because it is unlikely that a full description of abnormalssies black dashed, black solid, and grey dashed-and-dotted, line
could be obtained, given the range of potential physiokigicrespectively. The mean ROC of thé experiments is shown
deteriorations that a human may undergo, and the variatigy the thick lines, where the curves f8VM-1Pmay be seen
in responses to abnormal conditions between patients.eHerf@ be closer to the upper-left corner of the ROC plot. Error
given a large set of normal datg a model of normality can be bars aty & 30 are shown using thin dotted lines. It may be
constructed that is then used to detect abnormal physizbgiseen that the proposed meth®UM-1Pachieves both a higher
variation with respect to that model. sensitivity and specificity than the conventional methodsro
203 abnormal dat® were acquired, deemed to be so byll experiments. The (specificity, sensitivity) fSiVM-1 GMM,
existing, manual clinical systems that are used to detaifiin and SVM-1Pwere (0.90, 0.92), (0.82, 0.91), and (0.94, 0.97),
a patient requires review by senior medical personnel. ©f tfespectively, using cross-validation thresholds $&M-1and
2,797 remaining normal data, 500 were provided to methofM, and a probabilistic threshold of P = 0.5 f8VM-1P
SVM-landSVM-1Pfrom which to learn a model of normality,
with the remaining 2,297 normal data being used as test data, VIl. CONCLUSIONS AND DISCUSSION

to evaluate the false-posnwg rqte of bOth_ methods.. . The conventional method of using a one-class SVM is well-

. We“ note that the |ny?st|gat|on descrlbeq in this sectiqhgerstood in the literature, and has been evaluated here in
IS a popule}tlon generic approach, collecting the“data fc#’omparison with a proposed method that (i) calibrates the
multiple patients to construct a single model of “normalyq e scores output by the one-class SVM into estimated
patient phyg_ology. Th_|s approaph IS dlreqtly compgraluie bosterior class probabilities, where special care wasiredju
stant;ia_rd clinical practice, in wh|ch populatlon-gengmssof due to the one-class formulation, (ii) utilises the probsti
heuristic scores are manually applied to determine if @p&§ o1 re of the result to define a novelty threshold without the

vital signs are normal or abnormal. need for the conventional validation set, and (jii) propose
procedure for determining other SVM parameters.
C. Results These proposals have been illustrated using lower-

Results obtained usin§VM-1, and SVM-1Pare shown in dimensional data from a large-scale combustor, whereby the
Fig. 5(a), and (b), respectively. Each procedure was gikien tgeneration of artificial data (as is required by the calibrat
first 500 normal vital signs on which to train (and, in thestep) and the data space itself may be visualised. A higher-
case of the convention&VM-1method, validate) a model of dimensional evaluation was performed using patient g
normality, which are shown in greyx}. The final 203 data data. In both cases, the proposed method achieved better ove
in D3 were classified abnormal and representative of patieait sensitivity and specificity than the conventional teiqie.
deterioration, by clinicians, which are shown in blagk}. We note that the application of the method to datasets of very
The remainder of the data are normal, and used for testitggh dimension (e.g., spaces of dimension greater thans20) i
and are shown in black+}. The conventional methoBVM-1 not considered by the work described in this paper, in which
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we restrict ourselves to considering the applicationscity Healthcare funded by the Wellcome Trust and EPSRC under
encountered in condition monitoring. grant number WT 088877/2/09/Z.

In practice, the acceptance of most “intelligent” methods
for monitoring high-integrity systems is determined byithe
false-positive rates. While a high false-positive rate may b

gcceptgble n, fo.r gxarpple, the screening of cancer patlen[ti] P. Hayton, L. Tarassenko, B. Scholkopf, and P. Anuzisipgi$ort vector
(in which the priority is to detect all cancers, and where novelty detection applied to jet engine vibration spettRroc. NIPS

the false-positive cost is relatively low), monitoring 8y Denver, US, 2000, pp. 946-952.

. [2] A. Gretton and F. Desobry, “On-line one-class suppodtoemachines.
must seldom generate false alerts. In the case of mdustrlgi an application to signal segmentatioRfoc. IEEE ICASSPHong-Kong,

systems, such alerts could result in the premature landiag o China, 2003.
aeroplane, or the halting of a power-generation enginehén t [31 D. R. Hardoon and L. M. Manevitz, “fMRI analysis via onéass

- - . machine learning techniquegtoc. 19th International Joint Conference
case of human vital-signs monitoring, such alerts wouldltes " iisical Inteliigence (13CAI)Edinburgh, UK, 2005, pp. 1604—1605.

in senior clinicians being brought to the patient bed-sidle t[4] M. Markou and S. Singh, “Novelty detection: A review - p&: Neural
review patients that are “normal.” In all cases, the cosatsfd- network based approacheSjgnal Processingvol. 83, no. 12, pp. 2499~

e : 2521, 2003.
positive alerts far exceeds the cost of false-negative piesn [5] B. Scholkopf, J. Platt, J. Shawe-Taylor, A. J. Smola, and ®

Such monitoring methods are typically part of a “redundant” ~ \wjilliamson, “Estimating the support of a high-dimensionatlisition,”
network of systems, and so failure to detect all abnornesiliti Neural Computationvol. 13, no. 7, pp. 1443-1471, 2001.

ihi _ ~ ; ; [6] D.M.J. Tax and R. P. W. Duin, “Data domain description gssupport
exhibited by the system-under-test is relatively lesslgogte vectors”Proc. ESANO9Brussels, 1999, pp. 251256,

have dem(_)nSt_rat?q that the proposed probabi"_StiC_ apPproag) p. Tax and R. Duin, “Support vector domain descriptiofattern
can result in significantly fewer false-alerts (i.e., it tragher Recognition Lettersvol. 20, pp. 1191-1199, 1999.

specificity) than the conventional method, while still rénig 8] L. Clifton, “Multi-channel novelty detection and claser combination,
Ph.D. dissertation, Electrical and Electronic Enginegridniversity of

acceptably sensitive to the detection of abnormal examples  \janchester, 2007,
A second requirement of monitoring systems is that abfa] J. Drish, “Obtaining calibrated probability estimatesrh support vector
normal conditions are detected as early as possible, sath th ~machines,” University of California, San Diego, Tech. R&201.

. . . H. Chen, P. Tino, and X. Yao, “Probabilistic classificat vector
preventative action may be taken to avoid system damage o machines,IEEE Transactions on Neural Networkeol. 20, pp. 901

continued abnormal operation (whether it be machine main- 914, 2009.
tenance, or patient review by a clinician). This is partéelyl [11] D. A. Clifton, “Novelty detection with extreme value thiy in jet engine

. . _ . L : : vibration ddata,” Ph.D. dissertation, University of Oxdp2009.
important in low-bandwidth monitoring systems, in whicftala [1%] P. Sollich, “Probabilistic methods for support vector ahmes,” Ad-

are acquired at a low frequency, such as in the case of dircraf’ yances in Neural Information Processing Systevos 12, pp. 349-355,
monitoring, where a summary of engine performance may be 2000.

downloaded at the end of each flight [13], or, as in the secoHd! D- Cliffon. N. McGrogan, L. Tarassenko, S. King, P. Aisjzand
D. King, “Bayesian extreme value statistics for novelty déta in gas-

case study considered by this paper, when patient vitabsign tyrhine engines Proceedings of IEEE Aerospace, Montana, |J8808,
are observed every four hours. We have demonstrated that pp. 1-11.

the proposed probabilistic method achieves earlier wgrniff4! S- King, P. Bannister, D. Clifton, and L. Tarassenkordiabilistic
" tabl busti th . ided by th i | approaches to condition monltc_)rmg_of aerospace engiheethE Part
Of unstable combustion than IS provided by the conventional  : journal of Aerospace Engineeringol. 223, no. 5, pp. 553-541,

method, which would enable the system to be shut down at 2009.

the onset of unstable combustion conditions, thus avoidifi§! A. Fleury, M. Vacher, and N. Noury, "SVM-based multi-mddzas-
sification of activities of daily living in health smart honmedEEE

further system risk. Further Improvement could be galned Transactions on Information Technology in Biomedicin@. 14, no. 2,

by training the model with a sequentially-updating on-line  pp. 274-283, 2009.
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