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ABSTRACT

Condition Based Maintenance (CBM) is the process of executing repairs or taking
corrective action when the objective evidence indicates the need for such actions or in
other words when anomalies or faults are detected in a control system. The objective of
Fault Detection and Identification (FDI) is to detect, isolate and identify these faults so
that the system performarnce can be improved.

When condition based maintenance needs to be performed based on just the data
available from a control system then Data Driven approach is utilized. The thesis is
focused on the data driven approach for fault detection and would use: (i) Unsupervised
Competitive Learr}ing, (i) Frequency Sensitive Competitive Learning, (iii) Conscience
Learning and (iv) Self prganizing Maps for FDI purpose.

This approach would provide an effective ,f)ata reduction technique for FDI so that
instead of using the complete data set available from a control system, pre-processing of
the available data would be done using vector quantization and clustering approach. The

effectiveness of the developed algorithms is tested using the data available from a

Vertical Take off and Landing (VTOL) aircraft model.
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CHAPTER 1

INTRODUCTION

A typical control system consists of four basic elements: the dynamic plant,
controllers, actuators and sensors, which work in closed loop configuration. Any kind of
malfunction in these components can result in unacceptable anomaly in-overall system
performance. They are referréd to as faults in a control system and according to their
physical locations, they can be classified as dynamic faults, controller faults, actuator
faults and sensor faults. The objective of Fault Detection and Identification (FDI) is to
detect, isolate and identify these faults so that the system performance can be recovered.

Condition based maintenance (CBM) is the process of executing repairs when the
objective ‘evidence indicates the need for such actions [1]. Model based CBM approaches
can be applied when we have a mathematical model of the system to be monitored. When
CBM needs to be performed based on just the data available from the sensors, data driven
methodologies are utilized *for the purpose. Data-driven approaches are based on
statistical and learning techniques from the theory of pattern recognition [2]. These range
from multivariate statistical methods, competitive learning methods based on neural
networks, equiprobable mapping, self-organizing maps (SOM), signal analysis, and fuzzy
rule-based systems. The advantage of data-driven techniques is their ability to reduce the
computational complexity for the FDI scheme. The main drawback of data-driven
approaches is that their effectiveness is highly dependent on the quantity and quality of

the sensor data.



The idea used in this thesis is that knowing the data available from a particular
control system, a learning process would be used to-train a set of neurons which would
represent the entire data set. Thus in effect instead of using the entire data set for training
and analysis purposes only the trained neurons would be used. This would provide a great
advantage in térms of computational load reduction and provide faster analysis and a
more robust FDI scheme. For training the neurons to provide an adequate representation
of the available data various learning schemes are available. Two important Jearning
processes: 1) Gradient Based Learning and 2) Competitive Learning are discussed in
detail.

The Competitive learning approach is followed in this thesis and algorithms such
as Unsupervised Competitive Learning (UCL) and its improv;:_ments Conscience
Learning technique (CLT), Frequency Sensitive Competitive Learning [3] along with
Kahenen’s Self Organizing Maps [4] are discussed. In this thesis the effectiveness of the
Competitive learning methods as a data driven approach for FDI would be demonstrated

using the data obtained by the failure of sensors and actuators introduced in a Vertical

Take Off and Landing (VTOL) aircraft model [5].[6].

1.1 Gradiént Based Learning:

The goal of this learning process is to adjust the positions of the output neurons so
that the distances between them, in input space coordinates, are proportional to the
distances between the corresponding input neurons, also in input space coordinates. The
architecture is shown in Figure I1.1. This network structure is also known as the

Willshaw-von der Malsburg model [3].



Input layer

Figure 1.1 Gradient Based Learning

et A and B be two dimensional lattices, termed the input and output lattices,

respectively. To each neuron j corresponds a two-dimensional position in the input space

Vi w =(w,,w,). There are two pathways by which activity is conveyed. In the first

pathway, activity spreads laterally in the input lattice from the active input neuron /7 to

other, previously inactive input neuron j:

et = f(llw,-w, )= _/'(\/(w_” —w, )+ (W, —w,,) ).,w i, (1.1.1)

With | .|| the Euclidean Distance and f a monotonically decreasing function, for example a

Gaussian. In the second pathway, the initially active input neuron 7 signals to its output



neuron ;’ that it should initiate a similar spread of activity in the output lattice (the prime
' symbol is used to indicate the output neurons). As a result of activity spreading in the

output layer, the activity of unit/’ becomes:

Act, = f(m|w,-w,l|) (1.1.2)
With m a (constant) factor relating the activity spread functions of the input and output
laygrs (“magnification factor”). The difference between the activity levels in two layers:

error, = Act, - Act, (1.1.3)
is then used as an error signal to move positions w,. of the output units J . The positions
are incrementally updated as follows:

Aw, =1 (w,.] - wj.l)errorj,

Aw,, = ??(W,«;_ —wj.z)errorj_Vj' #i, (1.1.4)
With 7 the learning rate, a small positive constant, and with Aw s representing the value
with which the current position w, will be incremented (including the sign),
and so on.

W W+ AW,

1.2 Competitive Learning:
The basic idea underlying “Competitive” learning is as foliows: Assume a
sequence of input samples v(f) € V, with ¥ < R? the d-dimensional input space and t the

time co-ordinate and a lattice 4 of N neurons, labeled i = 1,2,.........,N and with the

corresponding weight vectors w,.(t)=|:wv.(t)]eV. If v(r) can be simultaneously



compared with each weight vector of the lattice then the best matching weight, for

example w. . can be determined and updated to match or even better the current input:
p : p p

w(t+1)e«—w(t)+Aw (1), (1.2.1)

The network architecture for the competitive learning is as shown in Figure 1.2.

The network structure is often referred to as the Kohonen’s model since the Self
Organized Map algorithm for topographic map formation is applied to it. The common
input all neurons receive is directly represented in the input space, ve V' . The winning

neuron is labeled asi . Its weight vector is the one that best matches the current input

(vector).

Input layer

Figurel.2 Competitive Learning
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The comparison is commonly based on the dot product,
W' =3 Wy, (12.2)

with T the transpose, or on the Euclidean distance between the input vector and the
weight vectors of the lattice, || w, —v||. Hence, after the best matching weight vector is
updated, w. (£ + 1)v(t) > w.(O)v(f), or [[w. (¢ +1)—v()[|<|| w. (1) —v(#)]| respectively. As a
result of the competitive learning, different weights will become tuned to different
regions in the input space.

This remaining part of this thesis is organized as follows: In Chapter 2 all
competitive learning algorithms i.e. UCL, CLT, FSCL and SOM are introduced. A
complete description of these algorithms along with advantages of using them is
discussed. The Clustering approach using k-means zalgorithm and two level approach for
clustering is discussed in Chapter 3. The complete FDI scheme used in the thesis based
on competitive learning is described in Chapter 4. In Chapter 5 the description of the
VTOL model and performance evaluation of the proposed FDI scherpe as applied to the

data obtained from this model is done. Finally, a suminary of results and some ideas for

future work are presented in Chapter 6.

w



CHAPTER 2

COMPETITIVE LEARNING TECHNIQUES

Basic neural network algorithms like the Unsupervised Competitive Learning
(UCL), and its modifications like  Conscience Learning Technique (CLT), Frequency
Sensitive Competitive Learning (FSCL) and Self Organizing Maps (SOM) [3],[4] show
great promise in fault detection and identification when the data from the control system
is available as the input i.e. data driven approach. In this chapter a detail explanation of
these algorithms is provided. In addition the advantages of using these approaches for

FDI are discussed.
2.1 Unsupervised Competitive Learning

In unsupervised learning there is no-external teacher or critic to oversee the
learning process, as indicated in the Figure 2.1 [7]. Rather, provision is made for a task
independent measure of the quality of representatioﬁ that the network is required to learn,
and the free parameters of the network are optimized with respect to that measure. Once
the network has become trained to the statistical regularities of the input data, it develops
the ability to form internal representation for encoding feature of input and thereby to
create new classes automatically.

Vector describing state
of the environment

Environment :> ;3::2::9

Figure 2.1 Block Diagram of unsupervised learning




To perform unsupervised learning we use the competitive learning rule discussed
in Chapter 1. We use a neural network consisting of two layers- an input layer and a
competitive layer. The input layer receives the available data set. The competitive layer
consists of neurons that compete with each other (in accordance with a learning rule) for
the “opportunity” to respond to features contained in the input data. In its simplest form
i.e. UCL; the network operated on a “winner takes all” strategy [3].

The main idea behind UCL is to select M neurons (map units) which would be
used to represent the N data samples. The input data samples are thus represented by M

neurons and provide a reduction in computational load for the following procedure. Let

v =(¥,,V,,....,¥,) € R be the input patterns and the neurons are represented by prototype
vectorsw, =[w,,W,,.....w,]: i=L2,....,M and 4 is the input vector dimension. A

random input sample is first drawn and the Euclidean distance between this sample and

all neurons is calculated. The neuron which is closest to the selected input sample is

termed as the winning neuron.

i =miin{|lv—w,. I} 2.1.1)
The weight of the winning neuron is updated using:

W. =W, +7(v—w,) {2.1.2)

The same procedure is repeated for the entire training length and the input data samples
are represented by the M neurons. The trained neurons would then be clustered at level 2

using K-means algorithm, which is discussed in detail in Chapter 3.



2.2 Drawbacks of using UCL:

For Unsupervised Competitive Learning the weight density at cofivergence is not

a linear function of the input density p(v) and hence the neurons of the map will not be

active with equal probabilities (i.e. the map is not equiprobabilistic). For a discrete lattice
of neurons, it is expected that for N - « and for minimum MSE quantization, in d-

dimenstonal space, the weight density will be proportional to:

1

P ") (2.2.1)

In summary UCL tends to under sample the high probability regions and over sample the

low probability ones. In other words it is unable to provide a “faithful” representation of
the probability distribution that underlies the input data.

This limitation leads to the generation of topographic maps where the weight

density p(w,) is proportional to the input density p(v), or where the lattice neurons

should have an equal probability-to be active. In other words the map should be
equiprobabilistic. From an information theoretic point of view such map transfers the
maximum amount of information available about the input distribution. Equiprobabilistic
maps are desired in the following applications:

1. Modeling sensory coding

2. Non parametric Blind source Separation

3. Density estimation e.g. clustering or classification purposes.

4. Feature extraction.



2.3 Avoiding Dead Units

The desire to build equiprobabilistic maps was originally not motivated by
information theoretic considerations. As pointed out by Grossberg [8] and Rumelhart and
Zipser [9], one problem with UCL is that it can yield nei_xrons that are never active (“dead
units”). These units will not sufficiently contribute to the minimization of the overall
Mean Square Error (MSE) distortion of the map and hence, this will result in a less
“optimal” usage of the maps resources.

Rumelha}ft and Zipser proposed two methods to solve this problem. The first was
originally introduced by Grossberg and it suggested the addition of an adaptive threshold
to ¢ach unit: when a unit wins the competition; its threshold is increased so that it
becomes less likely to win the competition in the near future; when a unit loses the
competition its threshold is lowered. In other words each unit has a “conscience” and the
goal is to achieve an equiprobabilistic map, By adding the “conscience” one can escape
from the local minima. Examples of this approach are Conscience Learning Technique
(CLT) and Frequency Sensitive Competitive Learning (FSCL) [3].

In their second method Rumelhart and Zipser suggested not only to update the
“winning™ unit but also the “losing”.units, although with a smaller learning rate. Then a
unit that has always been losing gradually moves towards the mean of the sample
distribution until, eventually it succeeds in winning the competition occasionally as well.
This scheme is called “leaky learning.” However its drawback is that for each input
sample, all weights need to be updated. Another way to avoid dead units is to arrange the
units in a geometrical manner, for example, in a lattice with a rectangular topology, and

update the weights of the neighboring losers as well. In other words, one can use a

10



neighborhood function. Example of such approach is Self organizing Maps (SOM) [4].
When the neighborhood range is decreased too rapidly during the SOM learning phase,
dead units can still occur but the performance is still much better than using the UCL

-

approach.

2.4 Conscience Learning Technique
The idea behind conscience learning is as follows: When a neural network is
trained witi; unsupervised competitive learning on a set of input vectors that are clustered
into N groups/clusters then a given input vector v will activate neuron ¢ that has been
sensitized to the cluster containing the input vector, thus providing a 1-out-of- N coding
of that input. However if some region in the input space is sampled more frequently than
the others, then a single unit begins t(-).- win all competitions for this region. This leaves the
remaining N —1 neurons to partition the less frequently accessed regions thus yielding a
less optimal encoding scheme. To counter this defect, one records for each neuron i the
frequency with which it has won competition in the paste,, and adds this quantity to the
Euclidean distance between the weight vector w, and the current inputv, and one defines
the “winner” as follows:
|w. =vl+e. < |w, —v]+c, Vi, (2.4.1)

As a result of this, units that have won the competition too often will have the tendency to
reduce their winning rates and vice versa.
In Conscience Learning, as it is introduced by DeSieno [10], two stages are

distinguished. First, the winning unit is determined out of the N units:

11



i =arg min., , |w, —v|F (i.e. a minimum Euclidean distance rule). In the case of a tie

the unit with the lower index wins the competition. Second, and contrary to the UCL, the
winning unit i is not necessarily the one that will have its weight vectors updated since
the determination of which neurons need to be updated depends on an additional term for
each unit, which is related to the number of times.the unit has won the competition in
recent past. Let F, be the frequency term for the ith unit. It is computed in the following

manner:
]Enew — Eﬂfd + B(g, _ E“M),Vi, (242)
With ¢, the code membership function: ¢, =1 wheni=/" ,else¢, =0, and B a constant,

0 < B <<1. The latter should be chosen in such a manner that the F,s stabilize despite of

the fluctuations caused by the randomly chosen input samplesv; DéSieno recommends

here B=0.0001 [10]. Furthermore a bias term ¢, is defined for each unit:
¢ =C (}F, ——1—) Vi, (2.4.3)
N

with C the bias factor. When taking into account the winning frequency of each unit, a
winning unit i* in the Conscience learning format is defined as the one for which:
[ w, —viP +¢, < ||w, —v|f +¢,, Vi, (2.4.4)

The weights are then updated in the same way as in the standard UCL rule
Equation 2.1.2. In summary, a “conscience” is achieved by relating the definition of the
winning neuron to its probability of being the winner (i.e. activation probability). Note

that DeSieno’s learning scheme relies on the choice of three parameters. In his examples,

he takes 7=0.01 to 0.5, C=10 and B=0.0001. However stabilizing the learning

12



algorithm can be tric.ky: it sometimes results in all the “conscience™ being taken by a
small number of units only [11].

A slightly modified, yet much simpler version was introduced by Van den Bout
and Miller [12]. The r;le of update is as follows for each neuron the number of times it
has won the competition is recorded, and‘a scaled version of :chis quantity, a bias in fact,
is added to the distance metric used in the (modified) minimum Euclidean distance rule:

i we —vi|+Ceca < |, —v|| +Cc, Vi, (2.4.5)

With ¢ the number of times neuron 7 has won the competition, and C the scaling factor

(the “conscience factor”). After determining the winning neuron i* its “conscience” is

incremented: ¢. < c, +1. The weight of the winning neuron is updated using:

Aw, =n(v—w,) (2.4.6)
Where ‘77 is the learning rate and its value is equal to a small positive constant. The
values for C and 7 can be varied to get a good stabilization of the equiprobable map.

Thus by using Conscience learning we have avoided the occurrence of dead units i.e.

neurons which are never active and thus the equiprobable map generated are efficient.

2.5 Frequency Sensitive’Competitive Learning

Another conscience based learning scheme that depends on the distortion based
learning is the Frequency Sensitive Competitive Learning [13]. The learning scheme
keeps a record of the total number of times each neuron has won the competition during
training, ¢;. The distance metric in the Euclidean distance rule is then scaled as follows:

|w.—-vixe.<||w,=v]xc, VieA. (2.5.1)



After the selection of the winning neuron, its conscience is incremented and the weight
vector updated using the standard unsupervised competitive learning rule:
Aw. =n(v—-w,) (2.5.2)

Contrary to what was originally assumed, FSCL does not achieve an equiprobable

2
quantization. FSCL basically yields p(w,) = p(v)*, in the one dimensional case and in

the limit of an infinite number of neurons, a result which is considered favorable since it
is closer to equiprobabilism than what is achieved by standard unsupervised competitive

learning.

2.6 Self Organizing Maps .

SOM is an unsupervised neural network technique that finds wide application in
pattern recognition, data correlation and visualization of data sets. SOM ofters a platform
for data driven methodologies towards fault detection. It is an excellent tool in
exploratory data mining. It projects the input space on prototypes of low-dimensional
regular grid that can be effectively utilized to visualize and explore properties of data.
This ordered grid can be used as a convenient visualization surface for showing different
features of the SOM (and thus of the data).

When the number of SOM units is large, to facilitate quantitative analysis of the
map and the data, similar units need to be grouped, i.e., clustered. Clustering of SOM was
studied and involved in this thesis for two reasons:

1. Reduction of computational load.

2. Drawing inferences from a group of data.
k

14
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Clustering is basically carried out as a two level approach, where the data set is
first clustered using the SOM, and then the SOM is clustered. The most important benefit
of this procedure is that the ‘computational load decreases considerably, making it
possible to clusier the large data sets and to consider several different preprocessing
strategies in a limited time.

SOM is thus used to process the data and extract the prototype vectors which
represent the data set. These prototype vectors preserve the topology of the input data.
We investigate the ability of SOM to detect system faults by comparison of distance
between the prototype vectors of the unknown data and training (nominal) data. Due to
intrinsic properties of the prototype vectors only a few vectors need to be analyzed for
anomalies.

Thus SOM is another improvement over the standard UCL rule as in this case
instead of updating just the “winning” neuron the neighboring neurons would also be
updated and hence provided a reduction in the Mean square error and provide better
quantization. In the purest form, the SOM algorithm distinguishes two stages: the
competitive stage and the cooperative stage. In the first case, the best matching neuron is
selected, that is, the “winner”, and in the second stage the weights of the winner are
adapted as well as those of its immediate lattice neighbors (cooperation). Hence, in
Kahonen’s approach, the neighborhood relations are moved from the activation to the

weight update stage.

15



2.6.1 Competitive Stage

The SOM consists of a regular, two dimensional grid of map units as shown in
Figure 2.2. All neurons receive the same -input vector veV with ¥ c®R? the input
space. Each unit i is represented by a prototype vectorw,(f) = [w, (0, s W ()] ; Where d

is input vector dimension.

W Output Layer (2-D Grid)

Input layer

w{t) w,(D w,(t}

Figure 2.2 SOM Neural Network Model

Given a data set the number of map units is first chosen. The Map units (neurons)
can be selected to be approximately equal to YN to 5VN, where N is the number of data
samples tn the given data set. The nurﬂber of Map units determines the dccuracy and
generalization capability of the SOM. Increase in the number of map units can provide
better results but an optimum value is decided depending on the number of data samples
which thus reduces the computational complexity. During training the SOM forms an
elastic net that folds onto the cloud formed by the input data. Data points lying near each

other in the input space are mapped onto nearby map units.

16



We now let the neurons compete for being the only active neuron (“Winner takes
- 4
all”, WTA). Rather than using the lateral connections, the winner is chosen
algorithmically. There are at least two possibilities. First, we can select the neuron for

which the dot product of the input vector and the prototype vector is the largest:

i" = argmin ZWI.,rvk, (2.6.1.1)
Lk

And label the winner asi'. We call this dot-product rule. Second, we can compute the
Euclidean distance between the input vector and the weight vectors, and select the neuron

with the smallest Euclidean distance:

i" =argmin || w, —v|| (2.6.1.2)
i

This mathematically more convenient selection scheme is called the (minimum)
Euclidean distance rule or the nearest neighbor rule. We prefer the former as the latter

can be confused with nearest lattice neighbors.

2.6.2 Cooperative Stage

1t is now crucial to the formation of topographically ordered maps that the neuron
weights are not modified independently of each other but as topologically related subsets
on which similar kinds of weight updates are performed. During: learning, the selected
subsets will be underpinned by different neurons centered around the winners. Hence, it
is here that topological information is supplied: the winning neuron as well as its lattice
neighbors will receive similar weight updates and thus, end up responding to similar
inputs. We define the minimum Euclidean distance rules. It is applied to a discrete lattice

with a regular (periodic, usually a rectangular or hexagonal) topology.

17



As mentioned earlier instead of L.lpdating only the winning neuron the SOM
algorithm updates the neighboring neurons as well, for this purpose a neighborhood
function is defined. The requirements of a neighborhood function are:

s Symmetric with respect to the location of the winner.
* Decreases monotonously with incteasing lattice distance from the winner.
e Translation invariant, independent of the position of winner in the lattice.

N

A typical choice would be Gaussian:

AGLE ) =exp[—w] (2.62.1)
20,,(6)
Where 7, and r, are positions of neurons 7 and i" on the SOM grid. The range o, (f) is
J
decreased as fo}lows:
T () =0y eXP(—%AD tL] (2.6.2.2)

With ¢ the present time step, 7 the maximum number of time steps and o, the range

spanned by the neighborhood function atz =0. The minimum Euclidean distance rule is
usually applied in combination with a neighborhood function, hence, the weight update

rule becomes:
Aw, =AGLT o (ENv-w,), Yied (2.6.2.3)
Where 7 is the learning rate and A4 is the lattice of N neurons. The focus is mainly on

the weight update rule for SOM algorithm. In order to stabilize the map at the end of the

learning phase, # is often decreased over time (perhaps to a small residual or even zero

value) as well as the neighborhood function: when the latter vanishes only the weight
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vector of the winner is updated, and Kohonen's rule becomes identical to the standard

Unsupervised Competitive Learning rule (UCL).

The SOM algorithm is applicable to large data sets. The computational

complexity scales linearly with the number of data samples, it does not require huge

amounts of memory- basically just the prototype vectors and the current training vector

and can be implemented in both batch and online versions.

2.7 Primary Advantages of Using Competitive Learning

1.

Reduction in computational complexity: Since in the clustering is now
carried on a relatively small number of prototypes, the computational
complexity is reduced greatly.

Noise Reduction: The prototypes are local averages of the data and therefore
less sensitive to random variations than the original data. Outliers are less of a
problem since by definition there are very few outlier points, and therefore
their impact on the vector quantization result is limited.

Clusters and Similarity Patterns can be visualized: As the prototypes are
ordered topologically (in a neighborhood preserving way) in the SOM, the
SOM is a similarity map and clustering -diagram. By representing the
differences between weights and neighboring neurons of the grid in some way
we can visualize the clusters.

No prior assumptions needed: Unlike some other clustering algorithms, this
technique does not require any prior knowledge of the data set that has to be

clustered.
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CHAPTER 3

CLUSTERING

A clustering 0 means partitioning a data set into a set of clusters Q,,i=1,....,C

¥

[14]. In a hard clustering scenario each data sample belongs to exactly one cluster. A
generalization of hard clustering would be fuzzy clustering [15] where each sample has a
varying degree of membership in all clusters. Another approach of clustering can be-
defined where the data would be assumed to be generated by several parameterized
distributions (typically Gaussians). Such an approach would be called clustering based on
mixture models [16]. Expectation maximization algorithms can be used to estimate the
distribution parameters. Data points are assigned to different clusters based on their
probabilities in the distributions. However, the goal in this thesis was to evaluate
clustering of the Competitive Learning and SOM using a few standard methods hence
neither fuzzy clustering nor mixture models based clustering are considered here.

A widely adopted definition of optimal clustering is a partitioning that minimizes
distances within and maximizes distances between clusters. The within and between

cluster distances can be defined in several ways [14]. Within cluster distance: S(Q,).

Between cluster distance: d(Q,,0,), Number of samples in cluster O, : N, and centroid

1
¢, =szx,-e9; X, .

The within and between cluster distances are defined in Table 3.1. The selection

of the distance criterion depends on the application. The distance norm ||.| is another

parameter to be considered. Euclidean norm is the most commonly used norm.
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Table 3.1 Within and between cluster distances

Within cluster distance S(Q)
A D. t Zu'“x_x" “
verage Distance T r——
N, (N, -1
. . ZJl X =G ”
Centroid Distance S, ==
Nk
Between cluster distance d(Q,.0)

Single linkage
Complete linkage

Average linkage .

Centroid linkage

d, =min, {H X=X, H}

dco = max”{“ X T X, H}

. 2 x =
a Nka ]

., =l —cll

3.1 Types of Clustering

The two main ways to cluster data (make the partitioning) are:

». Hierarchical Clustering.

e Partitive Clustering.

The hierarchical methods can be further divided into the agglomerative and divisive

algorithms, corresponding to bottom-up and top-down strategies, to build a hierarchical

clustering tree. Of these agglomerative algorithms are more commonly used than the

divisive methods.

Agglomerative clustering algorithms usually have the following steps:

-

1. Initialize: Assign each vector to its own cluster

2. Compute distances between all clusters



3. Merge the two clusters that are closest to each other.

4. Return to step 2 until there is only one cluster left.
In other words, data points are merged together to form a clustering tree that finally
consists of a single cluster: the whole data set. The clustering tree (dendrogram) can be
utilized in interpretation of the data structure and determination of the number of clusters.
However the dendrogram does not provide a unique clustering. Rather, a partitioning can
be achieved by cutting the dendrogram at certain levels see Figure 3.1.

The characteristic solution is to cut the dendrogram where there is a large distance
between the two merged clusters. Unfortunately this ignores the fact that the within
cluster distance may be different for different clusters. In fact, some clusters may be
composed of several subclusters; to obtain sensible partitioning of the data the

dendrogram may have to be cut at different levels for each branch [17].

£

2 Clusters

3 Clusters

3 Clusters

Figure 3.1 Dendrogram of a set of 13 points in 1-D space.
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Partitive clustering algorithm divide a data set into a number of clusters, typically
by trying to minimize some criterion or error function. The number of cll;sters is usually
predefined, but it can also be part of the error function [18]. The algorithm consists of the
following steps:

1. Determine the number of clusters. ‘

2. Initialize the cluster centers.

3. Compute the partitioning for data.

4. Compute (update) cluster centers.

5. If the partitioning is unchanged (or algorithm has converged), stop;
otherwise, return to step 3.

Partitive clustering methods are better than hierarchical ones in the sense that they
do not depend on previously found clusters. To select the best one among different
partitioning, each of these can be evaluated using some kind of validity index. Several
indices have been proposed [19], [20]. Davies-Bouldin index is a commonly used validity

index which uses S, for within cluster distance and & for between cluster distance.

According to Davies-Bouldin validity index, the best clustering minimizes:

1¢ 5.(0) +S.40)
szax{ d.(0.0) } G-

where C is the number of clusters. The Davies-Bouldin index is suitable for evaluation of
K-means partitioning because it gives low values, indicating good clustering results for

spherical clusters.
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3.2 K-means Clustering:

The most commonly used partitive clustering algorithm is the K-means, which is
based on the square error criterion. The general objective is to obtain that partition, which
for a fixed number of clusters minimizes the square error.”Suppose that a given set of N

patterns or data samples in d-dimensions has been partitioned into K-clusters

{C1,Cysueeees C hsuch that cluster €, has N, data samples and each data sample is in

exactly one cluster, so that

ZNﬁ}v (3.2.1)

K
k=1

The mean vector, or center, of cluster C,. is defined as the centroid of the cluster,

Ny
m® = (%\,k )Z x® (3.2.2)
i=1

Where x*’ is the /* data sample belonging to cluster C, . The squaré error for cluster C, |

1)

is the sum of the squared Euclidean distance between each data sample in C, and its
K] .

cluster center ‘). This square error is also called the within cluster variation:

Ny B
e = 2" =m ) (< ~m®) (3:23)
i=]

The square error for the entire clustering containing K-clusters is the sum of the

within cluster vartations:

Ey=3¢ (3.2.4)
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The objective of the K-means clustering is to find a partition containing K clusters that

minimizes E for fixed K. The clusters in case of K-means clustering are spherical in

shape and the algorithm tries to make the clusters as compact and separated as possible.

S
3.3 Decision on number of Clusters

Partitive clustering or K-means algorithm was used in this thesis for clustering the
data at second level. To use the K-means algorithm a decision has to be made on the

number of clusters to be used for partition at the onset. One way is to repeat the partitive

algorithm for a set of different number of clusters, typically from two to JN where N is
the number of data samples in the available data set. This method becomes
computationally exhaustive when the number of data samples i.e. N is large.

As discussed earlier in Equation 3.2.4 the K-means algorithm minimizes the

K
square error function £ = ¢} ; where
k=1 -

W,
e, = ‘Z (x7 =m™Y (1 — ™) (3.3.1)

i
=L

It can be easily shown that as the number of clusters is increased the number of
data samples in' each cluster decreases which make the algorithm more sensitive to
outliers and eventually these ou?liers can lead to incorrect classification of the given data.
Selection of more or less number of clusters than needed for partitioning of data leads to
over and under fitting of data respectively.

To avoid the situation of over and under fitting of data we have to aim for an

optimum intermediate value of K (Number of clusters) which should not be too low to
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=6.

Figure 3.2 shows a graph of the square error vs. the number of clusters. The error

make an adequate classification or clustering of the given data but on the other hand

value near the knee; it is an adequate choice for the selection of K value. This method for
selection of number of clusters is a heuristic approach but provides good classification

should not be too high to classify the few outlying data points as separate clusters and
of K. There is a knee or bend in the graph, if we choose the number of clusters to be a

decreases with the number of clusters but becomes almost constant after a certain value

hence increase the error rate failure in detection and classification.
[21]. For the given data set the number of clusters is chosen to be K

Ll e
.m | 1 1 i 1 1 1
5 | 1 1 1 1 1 F)
] e I r=---- L (T | T----
5 | 1 1 1 | 1 H
r---1-----= - = + - - - == e lm m e~ — — - - -—
2 1 1 ! 1 1 1 J
[ I S [ Y [ e Looo__
z 1 ) 1 [ 1 [ H
H ' 1 1 1 1 1
---------- [ T i it [ ﬂ||||+
1 1 1 1 1 1 1 H
f— = — = = = I b= — - L fm = - - == = - + = — ==
1 | I b 1 i .'.
' Lo [ oL __.
i 1 | | 1 1 ﬂ,
| 1 1 | 1 |
=== (et r-——--- T jmT [ To---
I 1 I | 1 | H
- I m - —— - tmm - “-— - - - +--- W~
| 1 i 1 : 1 ‘o
IO e e e e L L A, Lo .-
i F [ v L I 1
' i ! ! 1 1
m----- (el [ TTTET T e _|||||-.»||||%1
1 1 t t 1 t ¥
— - - - - —— - == - ——— - ———— o ———— - ——— - —_———
1 1 1 | 1 1 q.
I |, | P, 1 e e — |, Lo __
1 1 1 | 1 1 _'u
1 I I | 1 1 ‘
—=---- (i [t [l (Raliadinfialiadied [l T~~~ M
1 1 1 1 1 1 '
||||||| T\\\\\Tln..||+|||||£|rL\L|T|||||_‘w\\\’J
| | [ 1 | | K
- - [ | . e e - S .
| 1 [ 1 1 1 L ]
o 1 1 ] | 1 H
r----- I [ [ A I IIIIII_IIII.*|
| 1 1 I [ 1
- —-——— = - b - A= I —— = - = - PRSP .
| 1 1 ) 1 ) ..
- e L - — - Lo L, e a Lot
1 1 [ t 1 ] .l
1 1 1 | 1 1
I [ e H (e | H =
r 1 1 I ] 1 i
R |m ——— - o o 4 — — == —— - - - +—--l--4
| 1 1 | t 1 ~‘
— — - - - = e e e m o L— - . Jm e m e - - - L-M- -
1 | 1 1 | 1
1 1 | 1 | \l\\\
I [ pomm - T S Sme el T - - -
D —— e e | ! I
ST pm————— +-—-== “--———= - —————— o —— ==
! I t 1 1 |
H L 1 ! i I
o™ =l o L ~ ~ =
- = _
1e43

24

1€ 13 20

14
4

Number of Clusters
206

12

10

Figure 3.2 Plot of the Error vs. number of clusters



CHAPTER 4

FAULT DETECTION AND IDENTIFICATION SCHEME

The complete fault detection and identification scheme would be discussed in this
chapter. The procedure can be defined in two stages: First a two level approach is used
for clustering and in the second stage a decision rule or similarity measure is defined for
FDI In the two level approach the input data samples are first clustered using the
algorithms discussed in chapter 2 and then the K-means clustering approach discussed in
chapter 3 is used at level 2. A deail explanation of the two level clustering approach is

now discussed.

4.1 Two level approach for clustering

As discussed in the previous chapter once the neurons are trained using SOM or
other vector quantization algorithms like UCL, CLT, FSCL the next step is clustering of

these neurons. For _glustering the two level approach is followed as shown in Figure 4.1

Level 1 Level 2

. N samples M Prototype vectors K Clusters

3

Figure 4.1 Two Level Approach
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In the two level approach: First a large set of prototypes (neurons) much larger
than the expected number of clusters is formed using the SOM or the other equiprobable
map formation techniques. The trained prototypes (neurons).in the next step are
combined to form the actual clusters using the K-means algorithm.

Data samples are first clustered using the prototype vectors and then the prototype
vectors are clustered to form the K cluster centers. The number of clusters is K and
number of prototype vectors is M. As shown in figure K<M<N where N is the number of
Data samples we started with. The distance between the prototype vectors representing

the data set is used as a measure for clustering.

4.2 Why use Two level approach for clustering:

The question arises as to why we use the two level approach for clustering instead
of using a direct clustering method on the available data set. The primary benefit of the
two level approach is the reduction of the computational cost. Even with relatively small
number of samples, many clustering algorithms become intractably heavy. For this
reason, it is convenient to cluster a set of prototype vectors rather than directly the data.

Consider clustering N samples using K-means algorithm. The computational
. . . Crrax . P
complexity 1s proportional to Z Ko NK , where C__ is pre-selected maximum number of

clusters. We have discussed in Chapter 3 a method for selecting the number of clusters

for K-means algorithm. When a set of prototype is used as an intermediate step, the total

Lol

complexity is proportional to NM +2KMK, where M is the number of prototypes.

With ., =N and M =5JN the reduction of computational load is about/N /15, or
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about six fold for & =10,000. This is a rough estimate but gives us an idea about the
advantage of using the two level approach [14].

Another benefit is noise reduction. The prototypes are the local averages of the
data and therefore less sensitive to random variations than the original data. Thus in this
thesis we have used the two level ap;)roach where the data set is first converted into a

topographic map using SOM or an equiprobable map using CL'T and FSCL algorithms

and then the prototype vectors formed are clustered using the K-means algorithm.

4.3 Reference Distance Analysis

For training purpose, data for a nominal operation of a control system under
analysis is obtained. This data would be used as reference for training and would
represent nominal operation of a system i.e. éystem performance without any anomalies
or failures. Using this training or nominal data the two level approach discussed earlier
would be followed. Note here that at level 1 of the two level approach we have an option
of selecting the algorithm to be used from UCL, CLT, FSCL or SOM. After the two level
approach for clustering is completed the data would be represented by K-clusters where

the cluster centers are¢,,¢,,..., ¢y -

The clusters thus formed using training/nominal data sets are used to calculate the

reference distance (dRef ). Knowing the cluster centers calculated from the K-means

algorithm and the prototype vectors/Neurdns w, =[w,,W,,,....,w,,] which formed a

particular cluster, we calculate the reference distance for each cluster. Reference distance

specific to a particular cluster is equal to the distance between the cluster center and the
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prototype vector/Neuron belonging to this cluster that is at the maximum distance from
this cluster center.

dRef (i) =max ||c, —w'|, (4.3.1)
where w'represents the neurons belonging to the ith cluster. Similarly the reference

distance for each of the clusters formed from the nominal data set is calculated and serves

as a base for fault detection. Figure 4.2 illustrates the reference distance calculation for an

example Gaussian mixture data.

35

18—~ = =~~~

Figure 4.2 Example of reference distance calculation using Gaussian data example
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Three Gaussian data sets with different means and co-variances were considered
and the cluster centers for them were formed using K-means algorithm. Now using the
Euclidean distance norm the distance between each cluster center and the neurons
belonging to that cluster was calculated. The reference distance for each cluster is then

calculated and is shown in the Figure 4.2 as, dRef'1, dRef 2 and dRef’3.

The drawback with this approach for reference distance calculation is that for
each cluster a few outliers may end up deciding the reference distance value. This may
cause the misclassification of any unknown data cluster due to the increased reference

distance. To overcome this problem reference distance dRef can be defined as the mean

of the distance between the cluster center and the neurons belonging to that cluster.
L] :
dRef () =72 llc,~w, | @32)

where / is the number of neurons in cluster / and w,, represents the neurons belonging

L]

to that cluster. This provides a much tighter bound for the reference distance calculation
and prevents misclassifications of the unknown data sets. For this thesis distance metric
was used as a similarity measure for the FDI scheme and satisfactory results were
obtained.

The clustering of the nominal data set and subsequent reference distance
calculation defines the underlying structure for the given run or set of nominal data. To
classify the given data sets as nominal or faulty this underlying structure of the initial
known nominal data set is used as a baseline reference.

The same procedure is then repeated for the other unknown data sets i.e. the given

data set is first used to train the M neurons using one of the competitive learning
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techniques 1.e. UCL, CLT, FSCL or SOM. Once the clustered map is generated, then in
next stage using K-means algorithm we cluster the neurons in the same way as was done
for nominal data.

Now taking the training data clusters as centers and knowing the reference

distance dRef for each cluster, we check if the clusters from the unknown data set are a

member of the region spanned by the radius equal to the specific reference distance for
that training cluster. Any unknown data set cluster which is not a part of the region
spanned by this radius is termed as a faulty cluster. The data points associated with this
cluster are then reported to have certain anomalies and hence we can point out the

location of failure in an unknown data set from a control system.

. Mapping Gl

Training B : Reference

Data Algorithm =P Clustering Pigtanen
N samples M Neurons K clusters

Mapping :

Unknown : : Distance Fault
Data Set ARSI S ==} S-S Deviaton [P Idantiﬁcation‘
N samples M Neurons K clusters

K<<M<<N

Figure 4.3 Block Diagram for the Fault Detection and Identification scheme



CHAPTER 5

SIMULATION RESULTS
5.1 VTOL Aircraft Model

The linear model for aircraft can be described by

X(t) = Ax(t) + Bu(t) + E(0) (5.1.1)

2(t) = Cx(D) +77(6) (5.12)

Where x= (V, V, ¢ )", u=(5, 8,)" . The states and inputs are: horizontal velocity ¥, ,

vertical velocity V,, pitch rate ¢, and pitch angle &; collective pitch control &,, and
longitudinal cyclic pitch control &,. The model parameters are given as

~0.036 0.0271 0.0188 -—0.4555
0.0482 -1.01 0.0024 -4.0208
0.1002 03681 -0.707 1.420

0.0 0.0 1.0 0.0

0.4422  0.1761 I 0 0 0

| 3.5446 -7.5922 - 0100

~552 449 "7 |0 0 1 0

0.0 0.0 0 0 01

The discretization of (5.1.1) can be represented by

xk+1) = Fx(k)+Gu(k)+£(k) (5.1.3)
z(k) = Hx(k)+n(k) (5.1.4)
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where F=e¢'',G= ( f e"’ar)B . and H =C, the sampling period is T =0.1seconds.

E(k) and n7(k) represent the system and measurement noise respectively. Processing

.noise covariance and measurement noise covariance are given as following:

= diag {0.001%,0.001%,0.001%,0.001%} , R = diag | 0.01°,0.01°,0.01%,0.01%} .
g g

The external control input is selected as u=[100 100]" . Since the controlled
variables are horizontal velocity and vertical velocity, the command tracking matrix #, is

chosen as:
1 0 0 0
H_ =
01 0 0

Faults can occur in sensors, actuators and other components of the system and
may lead to failure of the whole system. They can be modeled by the abrupt changes of
the components of the systém. Typical faults of main concern in the aircraft are SENsor or
actuator failures [5].

Total actuator failures can be modeled by annihilating the appropriate column(s)
of the control input matrix G. Different actuator (or control surface) failures can be
modeled by multiplying the respective column of G matrix by a factor between zero and
one, where zero corresponds to a total (or complete) actuator failure or missing control
surface and one to an unimpaired (normal) actuator/control surface.

x(k+1) = Fx(k)+(G+AGu(k)+ £(k) (5.1.3)
Where AG represents the fault induced changes in the actuators.
For a total or partial sensor failure a similar idea can be followed. The role of

matrix G is replaced with H. Failures can now be modeled by multiplying the matrix H
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by a scaling factor between zero and one. Alternatively the partial sensor failure can be
modeled by increasing the measurement noise covariance matrix R .
z(k) = (H+AH)x{k)+n(k) (5.1.6)

It was assumed that the damage does not affect the aircraft’s F matrix, implying
that the dynamics of the aircraft are not changed. We could also assume that F matrjx
undergoes changes due to the failure“of actuator or component of the aircraft. We
consider total sensor failure and a partial actuator failure in this thesis using the VTOL
model and investigate the performance of the fault detection and identification algorithms
on the output data obtained after introducing these failures.

Data sets used for testing the performance of all the discussed algorithms were
generated using the above mentioned VTOL model. Table 5.1 represents the system,
control and measurement matrices for different modes. Three different modes of
operation are introduced:

* Fault free/Nominal mode

» Sensor failure

¢ Actuator failure
The parameter changes that are introduced due to different modes are highlighted in the
different matrices as shown in the Table 5.1. The corresponding matrices are used to
generate the data for a specific mode. The data obtained from the fault free mode would
be used for training purpose and the data obtained when the sensor and actuator faults are
introduced is used for testing purposes. The ability of the algorithms to identify the faults

would help in determining the performance of fault detection and identification scheme.
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Table 5.1: System matrices for nominal and fault modes

Modes Fo_ G H

0.9964 0.0026 —-0.0005 —0.0459 0.0441  0.0170 1000

Fault free 0.0046 0.9041 -0.0199 —0.3819 03366 -0.7208 0100
00097 0.0337 09389 0.1294| | | -0.5257 04192 0010

*| lo.000s 00018 00965 1.0071) | | —0.0276 0.0225 0111

(0.9964 0.0026 -0.0005 -0.0459 | [ 0.0441 0.0170 0000

0.0046 05041 -0.0199 —0.3819 03366 -0.7208 010 0

Sensor fault 0.0097 00337 09389 0.1294| | |—0.5257 04192 001 0
0.0005' 0.0018 0.0965 1.007M | -0.0276  0.0225 01 11

09964 00026 00005 —0.0459) | (—0.1822 0.6345 1000

Actuator fault 0.0046 09041 —0.0199 —0.3819 0.0 -14416 | |[0.1 © 0
0.0097 00337 09389 0.1294 | | | —0.5257 0.0 001 0

0.0005 (0.0018 0.0%935 1.0071 _070275 0.0225 o111

5.2 Analysis using Unsupervised Competitive Learning (UCL)

»

The failure scenario for the VTOL aircraft model is shown in Figure 5.1. The
corresponding nominal and fault modes are generated based on the system description in
section 5.1. The data was generated for an 80 second time interval with sampling’ period

T=0.1 seconds. The operation mode during different time intervals is as shown in

Figure 5.1.

sensor failure Actuator failure

nominal mode ’ nominal mode

| | [ I t — >
0 20 40 60 80 time (sec)

Figure 5.1 Failure scenario for VTOL aircraft model
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Figure 5.2 shows the training phase using the nominal data(+). The data is

normalized to zero mean unit variance. The x-axis on each sub-plot represents horizontal
velocity and the y-axis represents the vertical velocity. The first subplot shows the

nominal data. The second subplot shows the number of neurons (e) that were used to

represent the data; the neurons are not trained yet so this plot only represents an initial set
up of the neurons that would be used for training. The third subplot is the neurons
positions after they were trained using the UCL algorithm. These trained neurons were
then clustered using the K-means clustering algorithm and the corresponding clusters are

shown in the fourth subplot. Figure 5.3 shows the clusters (¢) formed using the nominal

data set superimposed on the nominal data. The cluster centers are decided based on the

K-means clustering algorithm.

Plot 1: Nominal Data Plot 2: Initial Setup Pilot 3:UCL Plot 4: Clustening
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Figure 5.2 Clustering of nominal data in training phase using UCL
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Figure 5.3 Plot of training data and cluster centers using UCL

In Figure 5.4 the same procedure is repeated for the unknown/test data set. The
subplots show the unknown data, the neurons before training, trained neurons using the
unknown/test data and the clusters that are formed using the K-means algorithm. Note
here that the data set used is the one generated by Introducing sensor and actuator faults
as discussed in section 5.1 of this chapter. Figure 5.5 illustrates the neurons trained using
the test/unknown data set and the corresponding cluster centers. It can be clearly
observed here that using the UCL algorithm for training purpose there was occurrence of
number of dead units or neurons which are never active. This led to a poor cluster center
assignment and eventually the faults introduced due to sensor failure were not identified.
Figure 5.6 shows the plot of the test/ unknown data along with the clusters formed using

the UCL and K-means algorithm two level approach.
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Plot 1: Test Data Plot 2: Initial Setup Plot 3:UCL Plot 4: Clustering
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Figure 5.5 Trained neurons and cluster centers for the test phase using UCL
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Figure 5.6 Plot of test data and cluster centers using the UCL

Figure 5.6 shows the nominal data clusters and the unknown data clusters which
were recognized to be in fault. Any unknown data cluster which lies outside the region
spanned by reference distance as radius and training data clusters as center is termed as

faulty and represented by “*’ in the figure. Note here that for the UCL algorithm the

parameters chosen were learning rate 7 =0.5; stopping criterion 7 =500000. The

number of clusters for the nominal data was K=6. Figure 5.7 illustrates the clusters that
were recognized in fault along with the test data. UCL does under-sampling of the high
probability regions containing data points from nominal mode operation and sensor
failure. So UCL is not able to recognize data points from both the nominal mode and total
sensor failure. This poor performance of UCL is attributed to the occurrence of dead units

and the FSCL, CLT and SOM algorithms would provide a better classification and fault

detection than UCL.

40



Vertical velocity

Vertical velocity

20 ! | r I I
@ Nominal Data Clusters ¢
|7 TestData clusters in fault ‘
15-. _______: ________________ l..___ S | i - =
B o A, T e Sl TRk MDY, MR
5:._ ________________________________________
" e
b ¥ L N e RN . o ;1 *®
8
»
%0 70 0 50 % 30 20 0 0 10
Horizontal velocity
Figure 5.7 Detection of data clusters in fault using UCL
35 | . - x —- .
* Test Data -
@® Faulty Clusters ' >
m‘“ o B i W e o U e N (B e W i e M R i A, s = L e - -
] ey T e b e ! . '
20- A e |
| ®
| |
18 - - = = = = = L - - - — - —— = -
1.“'.. = _: ____________________
" I T TR | _ hlds
. )
o+ & @ d | &
F20 100 20 %0 T 20 :

Horizontal velocity

Figure 5.8 Test data and clusters detected in fault using UCL
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5.3 Analysis using Frequency Sensitive Competitive Learning (FSCL)

Figure 5.9 shows the training phase using the nominal data set. The data i1s
normalized to zero mean unit variance. The x-axis on each sub-plot represents horizontal
velocity and the y-axis represents the vertical velocity. The first subplot shows the

nominal data(+). The second subplot shows the number of neurons that were used to
represent the data; the neurons (e) are not trained yet so this plot only represents an

initial set up of the neurons that would be used for training. The third subplot is the
neurons positions after they were trained using the FSCL algorithm. These trained
neurons were then clustered using the K-means clustering algorithm and the

corresponding clusters (®) are shown in the fourth subplot.
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Figure 5.9 Clustering of nominal data in training phase using FSCL
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Figure 5.10 shows the clusters formed using the nominal data set superimposed

on the nominal data. The cluster centers are decided based on the K-means clustering

algorithm.
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Figure 5.10 Plot of the training data and cluster centers using FSCL

In Figure 5.11 the same procedure is repeated for the unknown/test data set. The
subplots show the unknown data, the neurons before training, trained neurons using the
unknown/test data and then the clusters that are formed using the K-means algorithm.
Note here that the data set used is the one generated by introducing sensor and actuator
faults as discussed in section 5.1 of this chapter. Figure 5.12 shows the plot of the test/
unknown data along with the clusters formed using the FSCL and K-means algorithm

two level approach.

43



Vertical velocity
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Figure 5.12 Plot of the test data and cluster centers using FSCL
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Figure 5.13 shows the nominal data clusters and the unknown data clusters which
were recognized to be faulty or nominal. As we used distance analysis to calculate the
reference distances any unknown data cluster which lies outside the region spanned by
reference distance as radius and training data clusters as center is termed as faulty and
represented by “*’ in the figure. Note here that for the FSCL algorithm the parameters

chosen were learning rate 7 =0.5; stopping criterion f___ =500000. The number of

clusters for the nominal data was K=6. The FSCL algorithm was able to identify all the
three modes 1.e. nominal mode, sensor failure and actuator failure. Figure 5.14 illustrates
the clusters that were recognized in fault along with the test data. It can be seen here that
FSCL algorithm performs better than UCL and identifies the data points corresponding to

both sensor and actuator failures.
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Figure 5.13 Detection of the data clusters in fault using FSCL
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Figure 5.14 Plot of test data along with clusters detected in fault

5.4 Analysis using Conscience Learning Technique (CLT)

Figure 5.15 shows the training phase using the Competitive Learning Technique.

The data 1s normalized to zero mean and unit variance. The nominal data (+) is chosen

as the 2-dimensional data set consisting of the horizontal velocity and vertical velocity.
The number of clusters to be used for the analysis was chosen initially and for this

analysis K=6. At the end of the training phase of the neurons (e), the cluster centers
represent the nominal data and these cluster centers (¢) would serve as the baseline

reference for the fault detection and identification. Figure 5.16 shows the nominal data

plotted along with the cluster centers. The cluster centers are decided based on the K-

means algorithm.
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Piot 1: Nominal Data Plot 2: Initial Setup Plot 3:CLT Plot 4: Clustering
3 T | 15— 1 R r §i 1 . 1.5 1
. i
+ 4 .:
s . &
_ 15— --—-- 19—~ — .
i - * 1 -
1 9 - oo
"'l 1 = = = - ,_-:___.
."- ‘% . |
1 - - - 2o Ui g o ' B 08 = — — ===~ ==
L ™ |
0.5~ ".. - 0.5 5— ®
fe, ..
i . D ,
oE==hL - of A WRER S et -
‘e, e 8 |
0- -*'-. il '.
e o . ® .
®e, Bk = = == == il - |
=1 I — '... ; HDBF - —-===== S
.'-. . ®
g | © i
0.5~ l'.'- "-‘: | ’ - |
®e, = '
2+ - Af - - - - - - - -
....l .l
| 4.5+ o
l.'.
@ |
Sk .
3+ - & ~ | A8 ====- g R
_2_ — - =
I . .
3
< ﬁ
L L | — —— | [ |
N 4 0 g 0 s T 0 s 0 5

+  Nominal Data ' +
® Cilusters

1____"' ______ § + =
® *
i . - -
0 L ' T
4 - - . -~ ol
2 - - T T T
[} . .
j f -+
it - - . - g TR L) P o
4
Y | L 1 [ | | —— e |
4 £ 5 -4 o | -2 <1 0 1

Horizontal velocity

Figure 5.16 Plot of training data and cluster centers for CLT
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The same procedure is then repeated for the unknown/test data set and in this case
the data set is generated by introducing the sensor and actuator failure in the given VIOL
model by using the state matrices defined in section 5.1. The neurons are trained using
the CLT algorithm and then clustered using the K-means algorithm. The cluster centers
formed would be used for making a judgment is these clusters are nominal or are in fault.

The decision i1s made based on the reference distance already calculated.
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Figure 5.17 Clustering of unknown/test data in test phase using CLT

The parameters used for Conscience learning technique are learning rate 7 =0.5:

stopping criterion 7__ = 500000, number of Map units M = 5\/N where N is the number

of data samples. The scaling factor is set to C =10. The parameters for this method were

selected based on the analysis in [3].
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Figure 5.18 Test data set and corresponding cluster centers using CLT
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Figure 5.19 Identification of the faulty data clusters from the test data set
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Figure 5.18 shows the test data plotted along with the cluster centers and these
would be used for comparison with the nominal data clusters to make identification of the
cluster centers in fault. Figure 5.19 shows the test data clusters which are identified in
fault represented by a **’. As in the case of FSCL, using the CLT algorithm all the three
modes of operation were detected. The test data clusters that lie within the reference
distance from the training data clusters are termed as nominal and are shown in the
Figure 5.19. Figure 5.20 illustrates the test data clusters that were identified in fault
plotted along with the test data set. It gives an idea about the test data points that were in
fault. The performance of CLT in identifying the data points in faults is better than the
UCL technique as it avoids the dead units and identifies both the sensor and actuator

failure that were introduced.

H'I | . '|' - .
|+ TestData
l @ Faulty Clusters ¥
Rty = = vt e bt e el e e e e o A e SEa o '
Ml ~ - — - - - - - - ——— - .
|
| |
20 |- o ol - " i . i s T e e e
=
S | +
g 15_ — = S el i ] i = = g P — = ; = =
= "
o -
5
- &
- 10— - — = = = = = - . - - - : =}
4+
5+ A
. :p.-r. | v
0+ ‘ - = - -
| I 1 —] a L | |
:?Iﬂ' -100 80 -60 40 -20 0 20

Horizontal velocity

Figure 5.20 Plot of test data and clusters detected in fault using CLT
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5.5 Analysis using Self Organizing Maps (SOM)

Another improvement over the unsupervised competitive learning rule was use of
neighborhood function while updating the winning neuron. Use of Self organizing maps
allows the update of the winning neuron and its topological neighbors so that the dead

units (inactive neurons) can be avoided.
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Figure 5.21 Clustering of nominal data in training phase using SOM

Figure 5.21 shows the training phase using the nominal data (+) based on SOM
algorithm. The clusters () representing the trained neurons (e) are shown in subplot 4

and are used as the baseline reference for fault identification. Figure 5.22 shows the
trained cluster centers and the nominal data set. Figure 5.23 shows the data clusters

formed using the unknown/test data set in the test phase by using SOM algorithm.
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Figure 5.22 Plot of training data and cluster centers using SOM

Plot 1: Test Data Pilot 2: Initial Setup
= — + 4 ]
' ---i-"'?..
30 - I - ™ . .'..
-l..-.- |
25+ N .l-l""‘_'..
% 21
+ . 'll....-
= L =+
1+ -ﬂuﬂ"“
t i
= A -----l"“.
4 |
u_i I;l-'.‘.
10+ $ -1 |
i -nil".....
| $ -
T i | -.-il"-...

$oo 100

0

100

Plot 3: SOM
3“ i
L ]
;7 | T T —
Iﬂ------%-- o it
15 - - ——— =+ - = -
s
10+ i -
L ]
. |
% |
L ]
7] T O -
o
L ]
* o
[
L ]
oL % 4
l' .
®
| |
| i |
3“ =100 0 100

Plot 4: Clustered SOM

20 !
13 __________ ._
I
] R -
|
14 : -1
|
12~ i I N
R e S R -
g} - - -
E ___________ =
Fis —~
2
&
z ____________
|
— ® I w
?ﬂ -100 -50 0

Figure 5.23 Clustering of unknown/test data in test phase using SOM




The parameters used for the Self Organizing Maps (SOM) algorithm are training

length 7, =100000; learning rate 77 =0.1. Figure 5.24 shows the test data plotted along

with the cluster centers and these would be used for comparison with the nominal data
clusters to make identification of the cluster centers in fault. Figure 5.25 shows the test
data clusters which are identified in fault represented by ‘*’. Use of SOM algorithm
identified all three modes of operation. Data points corresponding to both sensor and
actuator failures were recognized. Even though SOM helps identifying the failure modes
that were introduced but it still does over-sampling of some low probability regions and
identifies data clusters where there are very few data points in a region. The test data
clusters that lie within the reference distance from the training data clusters are termed as

nominal and are shown in the Figure 5.26.
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Figure 5.24 Test data and corresponding cluster centers using SOM
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Figure 5.26 Test data and clusters detected in fault using SOM
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5.6 Performance comparison of algorithms

The performance of different algorithms was tested using the data set that was
generated using the VTOL aircraft model. As discussed earlier there were three different
modes of operation i.e. nominal mode, sensor failure and actuator failure. The data was
generated based on the system matrices defined in Table 5.1. Figure 5.27 illustrates the

data set used for test phase and shows the data points associated with different modes of

operation.
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Figure 5.27 Plot of data set used for test phase showing data points associated with
different modes

Now as shown by the results obtained by using UCL algorithms for training and

test phases, the UCL algorithm is not able to detect the cluster of data points due to the
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sensor fault. The occurrence of dead units or inactive neurons in the test phase using the
UCL algorithm leads to poor assignment of the cluster centers and hence the FDI scheme
is not able to detect the different fault modes that were introduced in the test data set.
UCL algorithm thus provides under-sampling of the high probability regions and over-
sampling of the low probability regions. The performance of UCL algorithm for
clustering and classification purposes is relatively poor as compared to the improvements
based on equiprobable mapping and SOM.

To overcome the problem of UCL algorithm being unable to identify all fault
modes due to occurrence of dead units the FSCL and CLT algorithms were developed.
From Figures 5.13 and 5.14 it is clear that the FSCL algorithm provides a good clustering
and classification of the nominal and failure modes. FSCL algorithm was able to identify
the sensor and actuator failures and the nominal mode of operation.

Similarly from Figures 5.19 and 5.20 it is evident that the CLT algorithm provides
an equiprobabilistic map formation and hence avoids the occurrence of dead units or
inactive neurons. The trained neurons using this algorithm provide a good representation
of the input data set'and hence the FDI scheme is able to identify both the sensor and
actuator failure that were introduced. Thus the performance of FSCL and CLT algorithm
is better than the UCL algorithm as the dead units are avoided.

The SOM algorithm uses a neighborhood function for training the neurons and as
discussed earlier, instead of the winner takes all strategy the weights of the neighboring
neurons of the winning ncuron are also updated. Hence this approach also helps in
avoiding the dead units and provides a better clustering and classification approach for

FDI. Figure 5.25 and 5.26 illustrate the performance of the SOM algorithm in detecting
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and identifying the fault modes. The SOM algorithm is also able to correctly detect and
identify both the sensor and the actuator faults that were introduced. However the
performance of SOM is not at par with the FSCL and CLT algorithms because it still
does over-sampling of some low probability regions. When the neighborhood range is too
rapidly decreased during the SOM learning phase, dead units can still occur in practice.
Use of Bauer Der and Herrmann (BDH) and Kernel based Maximum Entropy learning
(k-MER) algorithms provide an improvement over SOM and” are referred for

investigation under future work in the section 6.2.



CHAPTER 6

-

CONCLUSIONS

6.1 Summary

The research presented in this thesis gives us an understanding of Condition
Based Maintenance (CBM) based on the data driven approach fu;r Fault detection and
Identification (FDI) in co;ltrol systems. The simulations presented in this thesis show that
competitive learning based techniques can be used as an effective ;pproach for the FDI
and can detect and identify the failure scenarios in control systems.

The use of Unsupervised Competitive Learning (UCL}, equiprobable mapping
‘techniques like Frequency Sensitive Competitive Learning (FSCL), Conscience Learning
Technique (CLT) and topographic mapping technique like Self Organizing Maps (SOM)
were applied for the FDI scheme and the performance of these algorithms for the FDI
was demonstrated. The FSCL, CLT and SOM based FDI schemes provided a better FDI
scheme as compared to the UCL approach as the dead units (inactive neurons) that
occurred in the UCL approach were eliminated. K-means algorithm was used for
clustering the neurons that were trained using the above mentior;ed algorithms. We used a
heuristic approach to come up with the approximate number of clusters to be used for the
K-means algorithm so that we get a good clustering analysis of the given data set.
Effectiveness of the developed algorithms is tested using the data available from a
Vertical Take off and Landing (VTOL) aircraft model.

Simulation results based on thle data available from the VTOL aircraft model

illustrated that the use of equiprobable mapping in case of FSCL and CLT and
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neighborhood function in case of SOM would provide a more robust and accurate FDI
scheme as compared to the UCL based approach. The sensor and actuator faults that were

introduced in the VTOL model were identified by these schemes.

6.2 Future work

Contrary to what was originally assumed by Kohonen [4], the weight density of

the trained neurons at convergence also termed as the (inverse of the) magnification
factor in this context, is not a linear function of the input density p(v) where ve®R*

represent the input data vectors. Thus the weight density achieved by SOM was not a

linear function of the input density and is given by:

A
2

pw)x p () (6.2.1)

Hence the neurons of the map in case of SOM will not be active with equal
probabilities (i.c. the map is not equiprobabilistic). Thus in the cases where the clusters
formed are not clearly separated the SOM algorithm would tend to oversample the low
probability’ regions and undersample the high probability regions in the input
distributions.

To overcome this difficulty other algorithms such as Bauer Der and Herrmann
(BDH) algorithm and Kernel based Maximum Entropy learning (k-MER) can be used.
The idea behind the approach is to build a map with a learning rule that maximizes
information theoretic entropy directly. As a result the map will transfer maximum amount
of information available about the distribution from which it receives the input and a

more faithful representation can be made.
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