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Abstract: Precise fault diagnosis is an important part of prognostics and health management. It can avoid accidents, extend the
service life of the machine, and also reduce maintenance costs. For gas turbine engine fault diagnosis, we cannot install too many
sensors in the engine because the operating environment of the engine is harsh and the sensors will not work in high temperature,
at high rotation speed, or under high pressure. Thus, there is not enough sensory data from the working engine to diagnose po-
tential failures using existing approaches. In this paper, we consider the problem of engine fault diagnosis using finite sensory data
under complicated circumstances, and propose deep belief networks based on information entropy, IE-DBNSs, for engine fault
diagnosis. We first introduce several information entropies and propose joint complexity entropy based on single signal entropy.
Second, the deep belief networks (DBNs) is analyzed and a logistic regression layer is added to the output of the DBNs. Then,
information entropy is used in fault diagnosis and as the input for the DBNs. Comparison between the proposed IE-DBNs method

and state-of-the-art machine learning approaches shows that the IE-DBNs method achieves higher accuracy.
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1 Introduction

A gas turbine engine is the heart of an aircraft.
Frequently, passenger planes experience flight delays
and military aircrafts have a forced grounding due to
engine failure. Engine fault diagnosis is attracting
increasing attention because of rising maintenance
costs and the importance of flight safety. A gas turbine
engine is a complicated thermal rotating machinery
system which works in a harsh environment of high
temperature, high pressure, and high rotating speed.
Thus, the maintenance of a gas turbine engine in-
volves characteristics of multiple failure modes, a
large number of engine components, multi-mode
failure in composites, ensuring a long operation life

¥ Corresponding author
ORCID: De-long FENG, http://orcid.org/0000-0002-6274-0720
© Zhejiang University and Springer-Verlag Berlin Heidelberg 2016

CLC number: TP391; V267.3

for the engine. Engine fault diagnosis is a basic part of
engine maintenance. The main focus of this paper is
to enhance the accuracy rate and test speed of fault
diagnosis using a finite number of sensors.

The state parameters of the testing system often
contain important features that reflect the system
operating state. Generally, some signal-processing
based approaches are used in fault diagnosis to obtain
the characteristic information of the measured object
(Pan et al., 2015). For example, we can obtain the
statistical parameters of the signal and the gist of
spectral characteristics for system status analysis and
diagnosis by time or frequency domain analysis
(Aguiar and Guedes, 2015; Rastegin, 2015; Song
et al., 2015). The nature of the signal analysis process
is to reflect the multi-level interior features of a signal
by the use of different conversion methods in a dif-
ferent transform domain (Geng et al., 2006; Su and
You, 2014; Sekerka, 2015). Ferrer (2007) discussed
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the problem of data that often exhibits high correla-
tion, rank deficiency, low signal-to-noise ratio, and
missing values, and advocated the use of multivariate
statistical process control based on principal compo-
nent analysis (MSPC-PCA) as an efficient statistical
tool for process understanding, monitoring and di-
agnosing assignable causes for special events. Xie
and Zhang (2005) proposed a fault diagnosis ap-
proach using support vector machine (SVM) with
data dimension reduction by PCA and linear discri-
minant analysis (LDA) methods, where PCA and
LDA are separately applied to reduce the data di-
mensions and extra data features from the raw data.
We can directly derive features of the system status
using the above time domain or frequency domain
analysis methods when the form of a signal is simple
and the interrelated features of the signal are clear,
such as rotating machinery vibration signals for a
stationary cycle (Dai and Tian, 2013; Jin ef al., 2014).
However, it is difficult to extract a feature directly
using the normal signal conversion method when the
form of a signal is complex, such as rotating ma-
chinery vibration signals for a nonlinear or abnormal
non-steady state due to changing operating parame-
ters. Therefore, further investigation into signal
analysis methods is required to achieve automatic
extraction of features and quantitative characteriza-
tion of the corresponding parameters for complex
signals.

For machine learning, original data feature ex-
traction is significant and is the most time-consuming.
Supervised learning is a kind of learning frame in-
cluding prior tasks where computers obtain models
through labeled data. As a new branch of computer
learning, deep learning learns the features from a data
skipping feature in the design stage (Bengio, 2009).
Most methods of deep learning are based on neural
networks. For this kind of deep learning, complicated
high-level constructions depend on superposing many
nonlinear neural models (Bengio et al., 2013).

Deep learning in the field of machine learning
approaches artificial intelligence (Al) to an extraor-
dinary degree. The motivation for deep learning,
which belongs to supervised learning, is to build and
simulate the neural network of the human brain for
learning analysis (Rodriguez et al., 2013). The con-
cept of deep learning is derived from research into
artificial neural networks. Deep learning, which, rel-

ative to simple learning, includes most classification
and regressive algorithms, is restricted to the de-
scriptive ability of complex functions in the case of
finite samples and computing units (Saimurugan et al.,
2011; Sainath et al., 2013; Zhou et al., 2014). Deep
learning can approximate complex functions to de-
scribe input data regularities for distribution and to
study essential characteristics of a dataset from a
minor portion by focusing on a sample and learning a
kind of deep nonlinear network structure (Ong et al.,
2014).

To represent the data distribution feature, deep
learning simulates more nervous layer activities that
abstract assembling low- to high-level attributive
features (Larochelle et al., 2009). Deep learning was
proposed by Hinton et al. (2006). To solve the prob-
lem of structure optimization based on deep belief
networks (DBNs), unsupervised greedy layer-by-
layer learning was proposed. Hinton et al. (2012)
further proposed a deep structure, called a ‘multi-
layer automatic encoder’. It is a feed-forward neural
network that can predict the input of itself. In addition,
Sermanet et al. (2012) proposed convolution neural
networks (CNNs), being the first truly multi-layer
structural learning algorithm. CNNs improve training
performance through decreasing the number of pa-
rameters by spatially relative relationships. CNNs are
different from DBNs in that CNNs belong to dis-
criminative training algorithms. CNNs are created
based on the requirement of minimizing the pre-
treatment data for the deep learning framework
(Zhang et al., 2015). Due to the influence of an early
time delayed neural network, CNNs reduce the com-
plexity by sharing the weight of the time domain
(Sainath et al., 2015). Altogether, CNNs have
achieved good performance in several experiments.

There are many training methods for deep neural
networks. The traditional training method is stochas-
tic gradient descent (SGD) (Bottou, 2012). This
method adds only one training sample into one
training process. The loss function will be reduced
through the training sample. The back propagation
algorithm can be used to calculate the value of the
gradient of the loss function (Niu ef al., 2014). There
are many other convex optimization approaches that
can be guaranteed to find the global minimum.
However, if the deep neural network were a
non-convex optimization problem, the curvature of
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the loss function would tend to the extremum. In fact,
the Newton method is very suitable for dealing with
the curvature problem, but it cannot train a large-scale
problem such as a neural network. There are two
reasons: one is that the Newton method has to use all
the samples for each training; the other is that it needs
to build a Hessian matrix and to find the inverse ma-
trix, which leads to a huge amount of computation.
Thus, for a non-convex optimization problem, we
usually refer to the solution ideas from convex opti-
mization (Bengio, 2012; Martens and Sutskever,
2012).

Based on the discussion above, in this paper we
propose a method for deep belief networks based on
information entropy, IE-DBNSs, to diagnose engine
faults. The method presents the complexity of the
information entropy of the generalized transformation
space as the input for the deep belief network. The
entropy is combined with the time domain, frequency
domain, and time-frequency domain signal conver-
sion methods, respectively. The single- and multi-
signal information entropy is established as a feature
extraction method in the different transformation
spaces. To effectively describe the signal feature and
quantitatively calculate the intrinsic signal character-
istics at different levels, especially for the nonlinear
and non-stationary signal, we discuss a variety of
complexity information entropy indicators, such as
singular spectrum entropy, power spectrum entropy,
and multi-resolution singular spectrum entropy. We
also provide quantitative indicators and evaluation
based on fault diagnosis and condition monitoring.
For finite sensory signals, a logistic regression layer is
added on top of the deep belief networks for fault
classification.

2 Information entropy features

Information entropy is a quantitative evaluation
for the uncertainty of a system state, and it has a
strong ability to describe the internal system infor-
mation. Researchers have tried to use information
entropy to extract the features of the operating status
of a system in the field of mechanical fault diagnosis
(Nichols et al., 2006; Susan and Hanmandlu, 2013; Li
etal., 2016).

1289

2.1 Singular spectrum entropy (time domain)

A singular spectrum is a modern spectral analy-
sis technique based on kinetic analysis. Its basic idea
is to reconstruct the phase space and decompose the
singular value of a time-domain signal sequence for a
system, and then to obtain the complexity features to
describe the system state. The basic principle is as
follows (Cui et al., 2009): For a discrete time signal,
the time delay embedding method is used to recon-
struct the phase space. The signal X; (i=1, 2, ..., I) is
mapped to the phase space where the length is m and
the delay constant of the analysis window is 7. Thus,
the track matrix is defined as

X, X, X, X,
X X X X
2 7+1 T+2 T+m
A= " |= . . . (D
X1 x(H)Hl x(H)Hz X(H)Hm

According to the singular value decomposition
principle, there must be an mx/-dimensional matrix U,
an /x/-dimensional diagonal matrix A, and an /xn-
dimensional matrix V for an m>n-dimensional real
matrix A:

Amxn = UmxlAllevi;[’ (2)

where the main diagonal element /; of A is the matrix
A’s singular value, which is non-negative and 4,>4,
>...222>0. The matrix A can be described as

A=diag(4,, Ay,..., 4,,0,...,0). 3)

When the signal is interfered with the ambient
noise or has a low signal-to-noise ratio, all the diag-
onal elements of matrix 4 may be nonzero values.
The more nonzero elements in the main diagonal, the
more complexity the signal components will have.
Furthermore, the number k& of nonzero singular values
in matrix A reflects the number of different modes
contained by the track matrix, and the value of 1
reflects the proportion of the total mode. Therefore,
we can obtain the singular spectrum entropy H;
through the 4.

m L
Ho==) p,lnp; p, =%/ 2A @

J=1 J=1
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Singular spectrum entropy H; means the uncer-
tainty level of each mode that is divided by a
time-domain signal sequence using a singular spec-
trum, and it also means the complexity of the signal
energy distribution in the time domain.

2.2 Power spectrum entropy (frequency domain)

The most common spectral analysis methods are
amplitude spectrum, phase spectrum, power spec-
trum, and cepstrum analysis (Li, 2015). Power spec-
trum analysis in the signal transform space is a feature
extraction method based on the frequency domain and
information entropy. For the discrete signal sequence
x, (n=0, 1, ..., N-1), the power spectrum is defined as

R 1 | )
S(@)=—[> x,e (5)
]\[ n=0
It can also be written as
$(0) =—| X (@) (©)
N b

where X(w) is the Fourier transform of sequence {x,}.
It is a process of transforming a signal from the time
domain to the frequency domain according to the
Parseval theorem, described by

N-1

N AEING ™

n=0 k=0

where S (k=0, 1, ..., N—1) is an energy distribution of
the original signal in the frequency domain. Thus, the
power spectrum entropy can be defined as

K-1 N
sz—Zpklnpk, pszk/ZSk. ®)

k=0

The power spectrum entropy reflects the com-
plexity of the energy distribution of the signal in the
frequency domain.

2.3 Wavelet energy spectrum entropy (time-
frequency domain)

The wavelet transform inherits the method of
locating the window Fourier transform, and it has the
ability to analyze the varying locations of time and
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frequency in different scales, which is called a multi-
resolution characteristic (Koverda and Skokov, 2012;
Liu et al., 2014; Zhao and Ye, 2016).

For the finite energy signal f{f), the wavelet
transform is expressed as follows:

W, (ab) =< f.w,,>=lal [ flow (%}v ©)

where the basis function y, ;(¢) can be expressed as

W (1) =|a5¢(ﬂj, abeR, az0, (10)
a

where a and b are the scale parameter and translation
parameter respectively, and ¥(7) eL’(l) is called a
wavelet function satisfying the admissible condition:

C, =[ ¥ (@) |of 'do <+, (11)

where ¥(w) is the Fourier transform of ¥(¢).

The scale parameter a and translation parameter
b of the wavelet function can be adjusted according to
the shape and size of the wavelet window. We may
change the center frequency of the window, the width
of the sub-wavelet, and the position in the time do-
main. This allows the wavelets to have both an ability
of locating the spatial domain and the frequency do-
main, and a positive ‘zoom’ feature. The wavelet
function effectively reflects the local mutation in-
formation of non-stationary signals.

For the finite energy signal f{f), the energy con-
servation of the wavelet transform is

1

j_+:|f(l)|2 dr = j:a’zE(a)da, (12)

C,

where E(a) is the energy value of f{¢) in the a scale,
called the wavelet energy spectrum:

+00 2
E(a)= W, (a,b)| db. (13)

Thus, the signal f{f) is decomposed into the
wavelet energy spectrum E=[E}, E,, ..., E,] in the n
scale which is a division of the energy in the time-
frequency domain. The wavelet energy spectrum
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entropy H,, is defined as

H, :_Zn:pilnpi’ P =E iEi' (14)
i1

i=1

2.4 Multi-resolution entropy

Based on multi-resolution ideas and the Mallat
orthogonal wavelet decomposition algorithm, the
calculation methods for discrete wavelet series of a
signal can be briefly stated as follows. For the arbi-
trary signal f{¢)eL*( |), the mark is introduced:

Ciw = J‘Rf(l)(ﬁj,k (t)dt,

15)
d;= J-Rf (O, (e,

where c; is the scaling coefficient of f{¢), and d; is
the wavelet coefficient of f{¢). For arbitrary integers j
and £, the scaling function ¢(f) and wavelet function

w(t) are

{coj,k (1) =2""pQ2't k), 16)

V(0 =2""y (- k).

The orthogonal projections of f{¢) in the closed sub-
spaces V; and W; are denoted by Af(f) and Dy(¢),
respectively:

Ajf(t) = Zc;j,kwj,k (t),

keZ

D,f(0)=Yd, ().

keZ

(17

According to the orthogonal direct sum decomposi-
tion V1=V, ®W;, we obtain

Aj+lf(t)=Ajf(t)+Djf(t): (18)
where Af(¥) is the low-frequency approximation of
Af) in scale 27 and Df(%) is the high-frequency com-
ponent of f{f) in scale 27. Suppose the discrete wavelet
coefficient of multi-resolution entropy is D={d(k):
k=1, 2, ..., N} in scale j, and a slide window W is
defined based on the wavelet coefficient. Suppose the
width of the window is we—‘, and the slide factor is
de |. Then we have

W(m;w,8)={d(k):k=1+md,2+mé,...,w+md},
19)

where m is the number of windows moved. The slide
window is divided into L intervals:

W (mw,8)=|]Z, (20)

where {Z=(S-1, S)): I=1, 2, ..., L} is mutually disjoint
and S0<S1<S2<. . .<SL.

S, =min[W (m;w,5)]
=min[{d(k):k=1+m8,2+ms,....w+m5} |,
S, =max[W(m;w,5)]
=max[{d(k):k =1+m§,2+m5,...,w+m5}].
21

The multi-resolution entropy is defined as

L
H ==Y p"(Z)Inp"(Z), m=12,...M, (22)

=1

where p"(Z)) is the probability of d(k) falling in the Z;
interval. The multi-resolution entropy has unique
sensitivity and location detection capability for small
parameters in the dynamics system.

2.5 Multi-resolution singular spectrum entropy

This subsection presents a multi-resolution sin-
gular spectrum entropy model, which has the fol-
lowing functions and characteristics (Nourani ef al.,
2015): (1) The energy distribution of singular char-
acteristics can get into any local band based on the
calculation of the wavelet coefficients of singular
spectrum entropy in different frequency bands
through wavelet packet decomposition of the signal;
(2) This method has better nonlinear feature extrac-
tion and noise suppression capabilities; (3) Through
the selection and optimization of parameters, this
method can improve the analytical performance and
the computing efficiency of the measurement model.

First, the signal should be decomposed by the
wavelet. The Mallat algorithm of orthogonal wavelet
transform is used for wavelet packet decomposition.

For an arbitrary signal f{r)eL*( |), we have



1292

di; = SO, ()dz. (23)

The projection of f{¢) in the wavelet space can be
described as

DY ()= d"u, (D).

keZ

24)

The formula of the Mallat algorithm for wavelet
packet decomposition is

2m __ 7 m
d‘/‘,k - Zhl—dejH,/ s

1eZ

2m+l _ — m
dj,k = Zgl—2kdj+l,l‘

1eZ

(25)

The frequency band of signal f{) is unceasingly
subdivided through the decomposition of scales 1,
2, ...,J. Additionally, if f{¥) is decomposed by j layers
of the wavelet packet, the kth node coefficient of the
Jjth layer is

D, ={d, (m):m=1,2,..27N}.  (26)

Then the singular spectrum value of every node
coefficient of every scale can be calculated, and the
time-delay embedding method is used to reconstruct
the matrix A, (see Eq. (27)).

Therefore, the multi-resolution singular spec-
trum entropy is

H, (f)= —Z P, pi =474 Zﬂ’/mk (28)

m=l1 m=l1

If the range of the frequency distribution of
signal f(?) is [wq, w,], H;i(f) will reflect the energy
distribution of the singularity of signal f{¢) in the band
of [wat(k—1)(wgwa)/2, Witk(wg—wg)/2] according
to the principle of wavelet packet decomposition.

d; (1)

4, =]

Jok

d,2'N-M+1) d,,(27'N-M+2)
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3 Fault diagnosis using information entropy
and deep belief networks

Currently, most classification and regression
learning methods have shallow structures. Their lim-
itation is a deficient capacity for modeling complex
functions under a limited number of samples and
calculating units, and the generalization ability is
restricted. For deep learning, the idea is to stack a
plurality of layers to describe the complex functions
(Hinton, 2010). That is to say, the output of one layer
becomes the input of the next layer. In this way, we
can achieve a classification expression for complex
input information. DBNs, one of the deep learning
methods, can solve the problems of training a neural
multi-layer network, which is difficult for traditional
back propagation (BP) algorithms (Memisevic and
Hinton, 2010): (1) From top to bottom, the gradient
becomes more sparse and the error correction signal
becomes smaller; (2) The weights easily converge to
local minima; (3) The labeled data is trained in
general.

3.1 Restricted Boltzmann machines

Suppose there is a bipartite graph (Fig. 1) in
which there are no links between the nodes in each
layer. One is a visible layer called the input data layer
(v), and the other is a hidden layer (h). It is assumed
that all the nodes are random binary variable nodes
(taking only the value of 0 or 1), and suppose the full
probability distribution p(v, k) is a Boltzmann dis-
tribution. We can call this model an RBM, which is a
typical neural network where the units of the visible
layer and the hidden layer are interconnected, and the
hidden units can achieve high-order dependence on
the visible units (Sutskever et al., 2008). Compared
with a conventional sigmoid network, the weights of
an RBM are easy to train.

Let us discuss why RBM is called a deep learn-
ing method. First, as a bipartite graph, all the hidden
nodes are conditionally independent when v is known,

d;,(2) d; (M)
d,,(3) d, (M +1)
: S @7
d,, (27N)
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Hidden variables

Bipartite
structure

isible variables

Fig.1 The structure of a restricted Boltzmann machine

namely P(wh)=p(h\|v)p(hy|v)...p(h,v). Similarly, all
the visible nodes are conditionally independent when
the hidden layer 4 is known. At the same time, both v
and A satisfy the Boltzmann distribution. Therefore,
the hidden layer 4 can be obtained by p(h|v) when the
input is v, and then the visible layer can be obtained
by p(h|v) (Fig. 2). If the original visible layer v and the
visible layer v, obtained from the hidden layer are the
same according to some adjustment of the parameters,
the hidden layer obtained will be a different expres-
sion of the visible layer. Thus, the hidden layer can be
used as the feature of the input data of the visible layer,
and it is a kind of deep learning method.

) P(hlv) OQ
a
OO0

Data

Q o OO
OOC? OO?)‘

Reconstructed P(v|h)

Fig. 2 The principle of a restricted Boltzmann machine

Now we need to do some mathematical analysis
to determine the weights between the visible layer
node and the hidden layer node. The energy of a joint
configuration can be expressed as (Mohamed ef al.,
2012)

E(v,h;0)=—

Wyvh =Y bv,=> ah, (29)
ii i j
where 6={W, a, b} are the model parameters.
The joint probability distribution of the config-
uration can be determined by Boltzmann distribution
and the energy of this configuration:
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£ (v.h)= exp(=£(v,h;0))

Z(0)

1 (30)
W,-/-v,-h, by, u/h/'

= — [§] (S [§] .

zople 1]

where 1/Z(6) is the partition function and "™ is the
potential function.

Z(0)=_exp(=E(v, h;0)). (31)
hy
The hidden nodes are conditionally independent:
P(h|v) =T [ P(h,|v). 32)
J

Then the probability of 1 or 0 of the jth hidden layer
can be easily obtained based on the known visible
layer v by factorizing Eq. (32):

P(h; =1[v) :[l+exp[—ZW;jvi ~a jﬂ . (33)

Similarly, based on the known hidden layer h, we
have

P(v|h) = HP(vl. i), (34)

P(v, =1|h) =l:1+exp[—Zlehj —b,.ﬂ . (39

Given a sample set D={v(1), »(2), ..., v(N)} that sat-
isfies the independent distribution, the parameters
6={W, a, b} need to be calculated. Maximize the
following log-likelihood function:

1 A
L(Q)=NZIOgPH(v("))—N"W"§. (36)
n=1

The parameter W can be obtained by the derivation of
the maximum log-likelihood function when L is the
maximum.

OL(0) .
o, =E, [vh,]-E,[vh] _WW”'

(37
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If we increase the number of hidden layers, we
can obtain a deep Boltzmann machine (DBM). If we
use a Bayesian belief network near the visible layer
(i.e., a directed graph model), and at the same time a
restricted Boltzmann machine is used far from the
visible layer, we can obtain DBN. Fig. 3 illustrates the
differences between DBN and DBM.

Fig. 3 The difference between the deep Boltzmann ma-
chine (a) and deep belief network (b)

3.2 Deep belief networks

DBNs are composed of many restricted Boltz-
mann machines, which are like the building blocks as
shown in Fig. 4. The connections of a DBN are de-
termined via the top-down generated weights. In the
beginning or pre-training step, the weight of the
generation model can be obtained through an unsu-
pervised greedy layer-by-layer method, and this
method has been proved effective by Hinton, who
called this method ‘contrastive divergence’ (Tran et
al., 2014; Chen et al., 2015). During the training
phase, the hidden units are trained to obtain high-
order dependence of the visible units, and a vector v is
generated in the visible layer and passed to the hidden
layer (Tamilselvan et al., 2011). In return, the input of
the visible layer is randomly selected to reconstruct
the original input signal. Finally, this new visible
neuron activation unit passes forward and recon-
structs the hidden layer activation unit to obtain A. In
the training process, however, the first step is that the
visible vector maps to the hidden units, and then the
visible units are reconstructed by the hidden layer
units. The new hidden units can obtain these new
visible units and map to the hidden units again. The
implementation of such repeated steps is called Gibbs
sampling. The correlation difference between the
hidden layer activation unit and the input of the visi-

ble layer is the main basis of weight updates (Tam-
ilselvan and Wang, 2013).

3
DBN structure Hi . h
idden layers SOeL RBM
200 \980 -
*QQRO0 = QO OOw
S R
> belief nets LK
O O v

Visible layers

Fig. 4 Restricted Boltzmann machines constitute the
deep belief networks

The added layer of the network will increase the
logarithm probability of the training data. In other
words, more layers in the network will give a more
accurate expression of the energy. In addition, it will
reduce the training time, because a single step can
achieve the learning of the maximum likelihood.

Fig. 5 shows the framework for DBNs. In the top
two layers, the weights are connected together. The
output of the lower layers can provide a reference clue
or is related to the top layer, and then the top layer will
be linked to the memory content. After pre-training,
DBNs can use labeled data and BP algorithms to
fine-tune the discrimination result. A label set will be
attached to the top (the promotion of associative
memory), and the classification facets of the network
can be obtained by the recognized weights learned
through a top-down approach. The performance ob-
tained from this approach is better than that from a
simple BP algorithm. The reason is that only one local
search of the parameter space is required. Compared
with feed-forward neural networks, the DBNs method
exhibits better performance in terms of training time
and convergence time.

3.3 Training method for the deep belief networks
model

The deep belief networks training process con-
tains layer-by-layer supervised learning, back-
propagation learning, and fine-tuning.

First, we use unsupervised learning starting from
the bottom layer moving to the top layer, that is, a
layer-by-layer training method. The training data is
used to train the parameters of each layer of the
DBNSs, which can be seen as an unsupervised training
process. The largest difference between DBNs and
traditional neural networks is that DBNs can be seen
as a feature learning process.
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[e.g., classification]

( Output (label units) >

Top-level units

¢Associative memory

Hidden units

Detection weights T lGenerative weights

Hidden units

T o

Hidden units

()  visile

N\
/ Input vector v /

Fig. 5 The framework of deep belief networks

The process can be described in detail as fol-
lows. At the beginning, the training data is used to
train the parameters of the first layer. Next, we will
obtain the hidden layer of a three-layer neural net-
work, which has a minimum difference between the
output and the input. The model obtained can learn
the structure of the data by itself because of the re-
stricted capacity and sparsity of the model, and thus
we can obtain the features that have stronger expres-
sion ability than the input. After learning and obtain-
ing the parameters of the (n—1)th layer, the output of
the (n—1)th layer will be the input of the nth layer, and
then the training of the nth layer is conducted.

In the next part, back propagation learning is
used to fine-tune the trained DBNs. It is a top-down
supervision and learning method where the labeled
data is used to train and fine-tune the network. In
addition, errors are transmitted from the top layer to
the bottom layer.

The first step of the training method is similar to
the random initialization process of neural networks.
However, the initial value of deep learning is that it
learns the structure of the input data, which is closer
to the global optimum. Thus, the high accuracy of
deep learning is largely due to feature learning in the
first step.

1295

3.4 Deep belief networks based on information
entropy

Based on the discussion above, we propose a gas
turbine engine fault diagnosis method which uses
information entropy and deep belief networks. In this
method, the information entropy is not the single
entropy introduced in Section 2. The information
entropy of IE-DBNs, which is called joint complexity
information entropy, is a multivariate feature extrac-
tion method based on the complexity of information
entropy. The analytical and diagnostic processes of
the system operating state rely not only on the in-
herent characteristics of a single signal, but also on
the relevant characteristics of the parameters of multi-
source signals or the coupling state of the related
signal, especially for fault diagnosis for nonlinear
complex systems. The information entropy is ex-
tended to a multi-dimensional space, and the proba-
bility of component distribution of the energy distri-
bution of a single variable is expanded to a joint
probability distribution of multivariable energy. This
is then the model for joint complexity information
entropy, which achieves multivariable feature extrac-
tion based on a broad signal space and can evaluate
the signal associated properties of energy distribution.

The joint energy distribution and component
distribution probability of a two-dimensional random
signal is defined as follows. It has a generalized signal
sequence F,={fix,"): i=1,2,...,Nym=1,2, ..., M} and
G~={g(/"): j=1, 2, ..., N; m=1, 2, ..., M}. Each of
these is present in the same kind of signal spaces T
and 7). If F, and G, are divided into R and S feature
subspaces T, (=1, 2, ..., R) and T}’ (s=1, 2, ..., S)
within T, and T}, respectively, they can constitute the
joint distribution space 7 y,y), and T(x,y, can be divided
into the RxS joint feature subspaces which are or-
thogonal to each other. This is expressed as

TYy =11y} (=1,2, .., R; s=1, 2, ..., S). Thus,
the joint component probability p, ; (r,s) of each

rs b
feature subspace 77y ;) is

EFXG), (I",S)
Pr,(r8) =7 ——

ZZEFXGY (r,s)

r=1 s=1

r=L2,.,R,s=12,.,S,

(38)
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where E ; (r,s) is the generalized joint energy

function of Fy and Gy In

R S
ZZEFXG)' (r,s)=0.

r=1 s=1

addition,

E. (r)= ZS:EFXGY (r,9), E; (s)= iEFxGY (r,5). (39)

Therefore, p, (r) and p; (s) are the edge compo-

nent probabilities of 7y, for Ty and 77, respec-

tively:
E E
Pr, (r)n”i, Pq, (s)a“’ﬁ. (40)
ZEFX (r) ZEGY (s)

For the two-dimensional generalized random signal
sequence (Fy, Gy), the joint complexity information
entropy H(FxGy) and edge complexity information
entropy H,(F), H(Gy) are defined as

H_j(FXGY):_ZZPFXGY(ras)lonXGy(ras)a (41)

r=l s=1

H/(FX):_ipr(r)]onX(r)’ (42)

H«f(GY):_ZS:pGy (s)In pg, (s), (43)

where H(FxGy) reflects the feature of joint energy
distribution, and the complexity levels of (Fy, Gy),
H{(Fy) and H{(Gy), reflect the energy distribution of
Fx and Gy, respectively. To obtain H(FxGy) and
Pr, (r>5), the joint energy function E, ; (r,s) of
each feature subspace needs to be calculated. The
Ep  (r,s) is defined as

E.; (r,s)=E, -E, r=12,.,R,5=12,.,8, (44)

where E, and E; are nonnegative bounded generalized
energy functions of F, in subspace T, and of G, in
subspace T,, respectively. The calculation method
depends on the specific form of the generalized signal
space and the division manner of the feature space.
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According to the signal characteristic and the analysis
requirement, the calculation method can use the en-
ergy function of the information entropy of the dif-
ferent conversion spaces. Therefore, the calculation
method for univariate entropy is the basis for the
calculation of joint complexity information entropy.
For example, there are two signal spectrums X(f.)
(=1, 2, ..., R) and Y(f;) (s=1, 2, ..., S) in the fre-
quency domain, where each frequency of a discrete
spectrum of the signal can be regarded as a feature
subspace. Furthermore, [X(f,)|* and |Y(f;)|* represent
the energy of X in £, and of Y in f;, respectively. Thus,
the joint energy function is

2

E, o (ns)=[X(£)] Y (f)

(45)

Thus, we can obtain p, ; (r,s) and H(FxGy). Then,

the probability of 1 or 0 of the jth node of the hidden
layer of IE-DBNss is

P(h, =1|H,(F,G,))
_ 1
1+exp(—ZW[j |Hj,(FXGY)—a/.j
1

R S ’
_ZZPF)(GY (r7s)1onXG,, (ris)_aj]

r=l s=1

1+ exp(—z w,

(46)
So, the parameter W of IE-DBN5s can be obtained by

—Z=E,

data

- Epda(a H:_izslppxcy (r,5)In Prq, (V,S)j| hj}
B EPe {|:_i S Prq, (r’s)lonXGy (V,S):|h]}

(47

The framework for IE-DBNSs is shown in Fig. 6.
A logistic regression layer is added after the top layer
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1-D information
entropy vector I

i=1

Information entropy

Original data Flattening

—| H=-3pli)log, p(i) G N
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Fig. 6 Gas turbine engine fault diagnosis using deep belief networks (DBNs) based on information entropy and a lo-

gistic regression method

of DBN. The outputs of the logistic regression layer
have three neurons. The logistic regression layer is
used to fine-tune the pre-trained deep belief network
and combine the output features of the network in
engine fault classification.

The first step in the IE-DBNs method is to cal-
culate the information entropy from the original data.
The outputs from sensors and test equipment are
the original data, such as temperature, speed, and
vibration.

Then, the calculated information entropies will
be the input vectors v of DBNs, and the features of the
input data are trained by DBNs. The information
entropy vector could reflect the energy distribution of
the original data and the nonlinear feature of the sys-
tem. At the same time, the information entropy, as the
pre-training in DBNs, will reduce the dimension of
the input into DBNs and improve the accuracy of the
output of DBNs.

Furthermore, the training process for DBNs is
layer by layer. For example, we train the first layer
and second layer first, and then train the second layer
and third layer.

At last, we can obtain the results of fault diag-
nosis through the logistic regression layer processing
of fault labels and learned features. The joint com-
plexity information entropy and DBN are skilled in
processing nonlinear signals and reconstructing the
complex systems. Thus, the running time and diag-
nostic accuracy of IE-DBNs will be better than those
of traditional supervised methods, which will be ver-
ified in the next section.

4 Simulations
4.1 Simulation description

The proposed multi-sensor fault diagnosis for a
gas turbine engine using the IE-DBNs method is
demonstrated with the data generated from the gas
turbine engine thermo-dynamical simulation. By
thermo-dynamical gas turbine engine model simula-
tion, we can simulate a real aircraft turbofan engine.
The engine model considers the volume dynamics,
damage factors, and adds in an unbalanced mass flow
rate. In the simulation there are 14 different inputs,
and the outputs contain data for 21 different sensor
measurements. The inputs enable the user to change
the amplitude of variation which is used to simulate
the fault process containing the fan, low-pressure
compressor (LPC), and high-pressure compressor
(HPC). The dataset from the output of the gas turbine
engine thermo-dynamical simulated sensors is com-
posed of engine operating data from a normal state to
a failure state. Each engine is of the same type, but the
initial wear, product deviation, and degradation rate
may be different. Each engine works normally at the
beginning, and some design fault degradations start to
appear at some point, and then the engine stops
working when it breaks down. In this simulation, we
chose 250 engine samples as the operating dataset to
demonstrate the engine fault diagnosis based on the
IE-DBNs method. The performances of fault diagno-
sis based on the IE-DBNs method for engine operat-
ing datasets are presented in the following.
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4.2 Fault mode definition and information en-
tropy (data preprocessing)

The engine fault-mode definition is detailed in
Table 1. Four fault modes were used in this simulation,
each dataset containing one fault mode. Furthermore,
in the gas turbine engine thermo-dynamical simula-
tion model, the four fault modes are not sudden fail-
ures; instead, they are all degradation failures.

Table 1 Engine fault mode definition

No. Fault mode Fault code
1 Fan failure 001
2 Low pressure compressor failure 010
3 High pressure compressor failure 100
4 Fan and high pressure compressor failure 110

Feng et al. / Front Inform Technol Electron Eng 2016 17(12):1287-1304

Fig. 7 shows the six steps for sensory data
preprocessing. When dealing with an actual prob-
lem, we cannot install too many sensors in the en-
gine machine. Thus, we chose four sensors among
the 21 sensors, which tallies with the actual situation.
These four sensors were used to monitor the temper-
ature of the LPC outlet, the temperature of the HPC
outlet, the physical fan speed, and the physical core
speed, respectively. That is to say, we used four sen-
sory datasets to diagnose the engine fault mode. Fig. 8
displays the total temperature at the LPC outlet from
engine 1 to engine 5, and Fig. 9 indicates the HPC
outlet temperature.

The physical core speed from the engine simu-
lation result is shown in Fig. 10. We cannot see the

data data data data

data data data data

Step 2: Collect four sensory datasets for each cycle of 250 engine units:
Engine 1 Engine 2

T24 T30 Nf Nc [[T24 T30 Nf Nc

data data data data || data data data data

data data data data||data data data data
Step 3: Divide the collected dataset into four fault modes:

(101 0) O]

O 1 ey
(PL0I e 1101t

Step 4: Divide each dataset into training and testing sets:

Fault mode: 001 [],[],---
010[],[1....
1001, [1.-..
10[)[1..-

Fault mode 1: 100 engine units
Fault mode 2: 250 engine units
Fault mode 3: 100 engine units
Fault mode 4: 250 engine units

Step 5: Calculate the information entropy of each single dataset:

H =-3" p(i)log, p(i)
i=1

R
H;(FxGy)=— ZPFXGY(HS)"‘PFXGY(":S)

r=1s=1

Step 1: Choose four sensory signals from 21 sensory signals of complete engine simulation:

T2 T24 T30 T50 P2 P15 P30 Nf Nc epr Ps30 phi
data data
data data
1choose
T24 T30 Nf Nc

ﬁ x% training dataset, y% testing dataset

Step 6: Calculate the joint complexity information entropies of four different sensory signals of each engine unit:

W32
data

NRf NRc BPR farB htBleed Nf_dmd PCNfR_dmd W31

data

Engine 250
T30 Nf Nc
data data data

T24
data

data data data data

Fig. 7 Procedure for preprocessing the engine simulation data
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time when the degradation begins and the fault does
not appear clearly from the raw data. However, from a
careful consideration of Figs. 6, 9, and 10, readers can
see that each sample can be regarded as increasing all
the time cycles, and when the physical core speed
increases, the temperature of HPC and LPC can in-
crease at the same time.

650 —”*”"Engine 1
Engine 2

—~ 648} Engine 3
5\-)/ Engine 4
3] ---4--- Engine 5
5 646 i
®
9]
Q
E 644} b
1)
© ¥
° 642 e E

640 1 1 1 1 1

0 50 100 150 200 250 300
Time (cycle)

Fig. 8 The simulation results from a gas turbine engine
for the total temperature at the low-pressure compressor

1640 P Engine 1
1630} Eng@nez i
Engine 3
| Engine 4 |
1620 ---+-- Engine 5

Total temperature (°C)

50 100 150 200 250 300
Time (cycle)

Fig. 9 The simulation results from a gas turbine engine
for the total temperature at the high-pressure compressor
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8 9100f o A R
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o
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Fig. 10 The simulation results from a gas turbine engine
for the physical core speed
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The output of the simulated model for each en-
gine contains operating data for one fault mode, and
the data series ends as the engine lifecycle ends. All
the selected datasets were divided into training da-
tasets and testing datasets (Table 2). Then, the training
datasets will be trained separately by the IE-DBNs
model.

Table 2 Three different experiments

Percentage of data

Experiment — -
Training Testing
El 40% 60%
E2 50% 50%
E3 60% 40%

Tables 3—7 show the information entropy fea-
tures of the training datasets with the different fault
modes. These tables are joint complexity information
entropy based on singular spectrum, power spectrum,
wavelet energy spectrum, multi-resolution spectrum,
and multi-resolution singular spectrum, respectively.
Each table lists four samples, which represent the
different fault modes. In Table 3, Htos), Ht0)
Hynp, and Hyney are the singular spectrum entropy
of four sensory signals, respectively; Hisras-130),
Higroa-n6) His(r24-N0) Hiscr3o-88, Hisr3o-ne)> and Higovene)
are the joint complexity information entropies based
on the singular spectrum between the four sensory
signals. Additionally, the data from Tables 4-7 fol-
lows the same format as Table 3. P=(py, p,, p3) is the
state space of the sample.

4.3 Fault diagnosis based on IE-DBNs

H=[H4), Hy30), Hsonp, Hsney Hisraa-30)
Higraaxn, Hisr2aNe)s Hiscrzonns Hiscrzo-Ne), Hisneney] 18
considered the input for the DBNs. P=[p,, ps, ps] is
the output of the DBNs. We used 100 entropy sam-
ples, similar to Table 3, for training and learning in the
DBNs through the proposed approach described in
Section 3.3. The trained IE-DBNSs has one input layer
(which includes 10 neurons), one output layer (which
includes three neurons), and four hidden layers
(where each layer has 50 neurons). Then, we can
obtain the optimum structure and weight for the
DBNs. We also used state-of-the-art machine learning
methods to diagnose the engine fault, for comparison
with the IE-DBNs method (Figs. 11 and 12). The
machine learning methods include DBN, binary
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Table 3 Joint complexity information entropy based on a singular spectrum

Sample Hs(T24) Hs(T}O) Hs(Nf) Hs(Nc) Hjs(T24-T30) Hjs(T24-Nf) H, js(T24-Nc) Hjs(Tso-Nf) H; js(T30-Nc) Hjs(Nf-Nc) p
1 38.532 37436 38921 36.854 60354 58.652 40.568 59457 61436 62.662 001
2 35.896 37.889 37.854 37.568 59.635 57.698 45364 56.125 59.634 58.621 010
3 36457 35478 36.889 37486 55561 60.248 48328 60.654 58.754 59.324 100
4 30.784 31325 32.554 31.869 53254 55325 40.215 53.654 49.194 51984 110
Table 4 Joint complexity information entropy based on a power spectrum
Sample Hp(T24) Hp(T}O) Hp(Nf) Hp(Nc) ij(T24-T30) ij(T24-Nt) H; jp(T24-Nc) ij(Tso-Nf) ij(Tso-Nc) H; ip(Nf-Nc) P
1 29.657 26355 24.658 27.824 51.328 48.623 41.365 47.354 49365 48326 001
2 26.869 27.634 26.634 23.365 50.148 49.398 40.487 48.361 49.447  50.871 010
3 27.634 23.653 24318 28.614 45.614 46.874 39.654 54.369 51.485 55.985 100
4 20.634 19.588 18.346 19.676  46.365 43.489 38.364  40.315 41.354 42314 110
Table 5 Joint complexity information entropy based on a wavelet energy spectrum
Sample  Hyrosy Hyrzop  Havg Hywney  Hiwer2a-130) Hiwer2ang Hiwroane Hiwrzony Hiwersone Hweneney P
1 21.489 20.364 19.354 18.346 36.354 39.154 32.345 40.125 41.398  40.694 001
2 20.364 21.365 18487 17.469 35.647 38.376 33.654 35315 39.634 37.861 010
3 20.746 21914 17.634 16.984 37.614 36.354 31.417 39.364 42315 40.694 100
4 15.348 14.698 13.654 14.623 28.647 29315 25614 27314 30.654 29.637 110
Table 6 Joint complexity information entropy based on a multi-resolution spectrum
Sample A, 1(T24) H, 1(T30) Hr(ND H, r(Nc) er(T24-T30) er(T24-Nf) H, jr(T24-Nc) er(Tso-Nt) er(Tso-Nc) H; jr(Nf-Nc) p
1 58.523 55954 59364 57.886 84.361 88.648 80.945 89.374 87.614  88.598 001
2 56.658 54.659 57.154 58945 89.314 90.564 82.751 88.945 88.197  86.647 010
3 54.634 57.648 58.973 56.841 87.648 86.454 81.452 89.784 90.841 87.548 100
4 50.485 51.861 48945 49.713 80.751 79.648 75.186 81.647 82.191 81.649 110
Table 7 Joint complexity information entropy based on a multi-resolution singular spectrum
Sample Hrs(T24) Hrs(T30) Hrs(Ni) Hrs(Nc) I—Ijrs(T24-T30) I—Ijrs(T24-Ni) 11jrs(T24-Nc) 11jrs(T30-Nf) 11jrs(T30-Nc) Iijrs(Nf-Nc) P
1 64.842 68.774 66.155 69.633 95.126 97.487 90.753 96.951 97.741 98.852 001
2 62.963 66.135 65351 68.576 94.378 98.667 91.512 97.314 98.548 96.549 010
3 63.794 67.156 64.787 66.359 96.518 97.488 93.367 95.699 96.487 94.124 100
4 58.314 59.641 60.459 56.259 86.147 87.315 90.546 88.149 89.649  90.181 110
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Fig. 11 Fault diagnosis results from the training
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Fig. 12 Fault diagnosis results from the testing
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neural networks (BNN), SVM, least squares support
vector machine (LS-SVM), self-organizing map
(SOM), and morphology discrete wavelet transform
(MD).

The structure of each fault diagnosis model used
for comparison is as follows: The structure of the
BNN has three processing layers, input, hidden, and
output, with 7, 5, and 3 neurons in each layer, re-
spectively. Tanh was used as the transfer function. A
Gaussian kernel function was used to train the
one-against-all SVM fault diagnosis model. The
training architecture of SOM has 10%10 neurons. The
training and testing datasets were used in all of the

100 T T T T
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;\3 981 / 1
o 971 7
o
@ 96 1
8 95¢ _
=
D 94f 1
© 93t —a— Singular spectrum i
3 —s— Power spectrum
®© 92t —b—Wavelet energy spectrum -
w —#— Multi-resolution spectrum

91F —e—Multi-resolution singular spectrum-

90 1 1 1 1 1

40 45 50 55 60

Training dataset (%)

Fig. 13 Fault diagnosis results using the IE-DBNs method
based on the five different information entropies from the
training

methods above, and the testing datasets were used to
verify the fault accuracy of these methods.

Three different experiments were conducted to
evaluate the performance of the IE-DBNs model.
Table 2 shows the results. E1 has 40% of training
datasets and 60% of testing datasets; the percentages
of training datasets and testing datasets are equal in
E2; and E3 is the inverse of E1. The results are listed
in Figs. 11-14.

4.4 Results and discussion

The results are listed in Tables 8 and 9. In Table 8,
Hs(T24), Hs(TBO), HS(Nf), and Hs(NC) are the singular
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Fig. 14 Fault diagnosis results using the IE-DBNs method
based on the five different information entropies from the
testing

Table 8 Fault diagnosis results using IE-DBNs based on the five different information entropies

Fault diagnosis rate (%)

Information entropy Training Testing
El E2 E3 El E2 E3
H; 95.37 94.65 96.71 94.35 93.84 95.68
H, 95.69 93.88 97.01 93.85 92.39 95.78
H, 96.15 94.86 97.43 95.64 93.57 96.67
H, 96.41 95.35 97.96 95.84 94.31 96.94
Hy 97.82 96.77 98.68 97.14 95.93 98.01

Table 9 Fault diagnosis results obtained using the proposed IE-DBNs method and some existing methods

Fault diagnosis rate (%)

Method Training Testing
El E2 E3 El E2 E3
IE-DBNs 95.37 94.65 96.71 94.35 93.84 95.68
DBN 93.56 92.78 95.89 92.81 91.69 94.16
BNN 86.47 83.89 88.68 85.02 81.34 86.37
SVM 90.96 89.36 93.25 89,64 88.48 91.74
LS-SVM 92.10 90.88 94.86 91.33 89.45 92.65
SOM 81.58 80.54 83.78 80.45 77.63 81.87
MD 91.69 89.96 93.22 90.47 86.34 91.68
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spectrum entropies of the four sensory signals, re-
spectively; Higra-130) Hisraann, HisraaNe) Hisrso-ngs
Higt30-n0), and Higeney are the joint complexity in-
formation entropies based on the singular spectrum
between the four sensory signals.

The diagnosis results for E1, E2, and E3 in Figs.
11 and 12 show that the different numbers of training
samples will produce different levels of accuracy. We
can clearly see that the fault diagnosis rates of all the
algorithms are decreasing in the following order: E3,
El, E2. A simple explanation is that the more training
samples there are, the higher the precision will be.
Compared with the six existing machine learning
approaches for diagnosis, the correct diagnosis rate of
the proposed IE-DBNs method is higher than those of
the other methods. For example, the diagnosis rates
for 50% of training datasets are 95.37%, 93.56%,
86.47%, 90.96%, 92.10%, 81.58%, and 91.69% for
the IE-DBNs, DBN, BNN, SVM, LS-SVM, SOM,
and MD methods, respectively (Fig. 11). The main
reason for this is that DBNs has a very strong ability
in learning and describing signal complexity, which
has nonlinear relationships between the input sensory
signals and the different fault states. Information
entropy is also good at reflecting the nonlinear rela-
tionships between signals and it also contains the
system energy feature. Additionally, DBN has easy
encoding for richer and higher-order network struc-
tures within the deep learning process for both su-
pervised and unsupervised training. It is also obvious
that the fault diagnosis rate of the SOM method is
lower than those of the other methods, because of its
low efficiency in learning nonlinear, complex signals.
Thus, the IE-DBNs method demonstrates excellent
performance in dealing with complex and nonlinear
problems.

Figs. 13 and 14 show the diagnosis results for the
five different information entropies from IE-DBNs.
For example, Fig. 13 shows that the diagnosis rates
for 50% of training datasets are 95.37%, 95.69%,
96.15%, 96.41%, and 97.82% for singular spectrum,
power spectrum, wavelet energy spectrum, multi-
resolution spectrum, and multi-resolution singular
spectrum, respectively. Clearly, the correct diagnosis
rate for multi-resolution singular spectrum entropy
with input from IE-DBNs is the highest among the
five entropies. Because multi-resolution singular
spectrum entropy has better nonlinear feature extrac-
tion and noise suppression capabilities than the other

four entropies, H,, will give DBNs a feature with a
clear structure that is easy to learn. As a result, the
proposed IE-DBNs method has an outstanding per-
formance in diagnosing engine faults, and this is es-
pecially true for information entropy derived from
multi-resolution singular spectrum entropy. The lim-
itation of the proposed methodology is the require-
ment of a large dataset to calculate the information
entropy. If we had not tested sufficient data, we could
not have used this method.

5 Conclusions

We have proposed the IE-DBNs method and
provided some contributions to the domain of engine
fault diagnosis. Information entropy is used in fault
diagnosis and constitutes the input for deep belief
networks. Joint complexity information entropy is
proposed as a way to process multi-sensor signals and
describe a nonlinear feature between two signals. We
can obtain the most suitable features for signals
through joint complexity. Furthermore, deep belief
networks have a strong ability to learn complex sys-
tems. Thus, IE-DBNs is a promising method to di-
agnose gas turbine engine faults that occur at high
temperature, high pressure, high rotating speeds, and
in harsh environments. From the results, the accuracy
of IE-DBNSs is higher than that of existing methods,
such as SVM, BNN, and DBN. This is especially true
for the multi-resolution singular spectrum approach,
because in this case IE-DBNs can clearly extract
features and easily learn the structure of the training
data, thus having the best diagnostic performance
compared to the other entropies. As a result, the
proposed IE-DBNs algorithm can provide precise yet
robust results for gas turbine engines where there are
complex system fault diagnosis applications, and in
particular for systems that have highly nonlinear re-
lationships between the inputs and the fault diagnosis
state outputs. In further study we may consider un-
labeled data learning, unknown engine faults, and the
application of the method to real engine machines.
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