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ABSTRACT

With the advent of the USAF’s Advanced Tactical Fighter and NASA’s Na-
tional Aerospace Plane, demands for concise test data reduction and interpretation
will increase beyond the capabilities of current methodologies. As mission com-
plexity increases it becomes apparent that real time data analysis for flight safety,

mission control and test conduct becomes a necessary tool.

A neural network is a biologically inspired mathematical model, which can
be represented by a directed graph, that has the ability to learn through training.
Neural networks have many advantages over current aviation computing systems
including the ability to learn and generalize from their environment. Neural net-
works are excellent for parameter estimation and recognizing patterns in signal
data. This thesis discusses a prototype system designed and implemented at the
University of Tennessee Space Institute to discover patterns in test data from an
engine test cell in order to determine if any part of the system is in failure. The
results of this research show that a neural network can be used for fault diagnosis
in an engine test cell when the problem of fault monitoring and diagnosis is seen
as one of pattern recognition. A two layer semilinear feed-forward neural net is
able to separate simulated sensor data into normal and abnormal classes and the
addition of a hidden layer makes the network more resistant to noise and improves

the ability of the network to classify the type of fault that is occuring.

Neural networks offer test personnel a new tool for the analysis of critical test
data. A general working network model can be applied to any system where sensor
data is evaluated and fault diagnosis is critical. Significant benefit to the aerospace

community is gained by improved safety of test engineers by rapid detection of
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faulty conditions. This will be of extreme importance as testing begins on more
advanced engine systems such as the National Aerospace Plane and the Advanced
Tactical Fighter.
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SYMBOL TABLE

number of elements in layer z

number of elements in layer y

kth component of the input vector z

jth node in the processing layer y

ith node in the processing layer 2z

weight vector into node z;

weight vector into node y;

total amount of input activation to node y;

output activation computed by node y;

total amount of input activation to node z;

output activation computed by node z;

desired output from node z;

series of input vectors z (¢), ¢ < @ used to train the network
a set of training patterns

a single training pattern in the set @

number of vectors in the training pattern

error from node z; (differences between actual output

and desired output)

mean squared error for node z; over the training set

total system error for all nodes in layer z

connection weight to node z; from node y;

change the connection weight specified by the learning rule
constant in gradient descent algorithm from which learning

rate is denived



connection weight to node y; from node zj

change in connection weight between node z; and node y;
error between layer y and layer 2z

error between layer = and layer y

learning rate used in the book propagation algorithm
sigmoid function used to compute output activation of

a node from the input activation

function to be approximated by a neural network

function computed by a neural network



CHAPTER I

INTRODUCTION
(1.1) Problem Statement

Simulated flight tests conducted in the Aeropropulsion Systems Test Facility
(ASTF) produce large quantities of sensor data at rates that overwhelm flight test
personnel. The task of monitoring signals from test cell sensors and watching for
the onset of possible fault situations requires significant experience and a number of
test cell personnel. Because of the variety and quantity of test cell data, extensive
knowledge and experience is required for accurate differentiation of data types.
A neural network architecture that could accurately diagnose the onset of fault
situations and alert test cell engineers would result in a significant savings in

personnel, downtime because of damaged equipment, and improve test cell safety.

(1.2) Approach

The main approach of this research is to design and analyze a network archi-
tecture to monitor sensor data from the ASTF to detect data that falls outside
learned parameters, thus signifying a fault. In this research, diagnostic problems in
general are conceptualized as a mapping of an input pattern (representing sensor

data) to an output pattern which is interpretable as a diagnosis.

A neural network is a biologically inspired mathematical model, which can
be represented by a directed graph, that has the ability to learn through training.
The action of a neural net may be viewed principally as a mapping through which

points in the input space are transformed into corresponding points in the output
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space on the basis of designated attribute values (of which class membership might
be one) (Pa0,1989). It is the goal of this research to design a neural network
architecture that can classify ASTF test data as part of a nominal engine test or
as data from a system in failure. The words neural network, network, net, and
network model will be used interchangeably throughout this thesis.

Three major subsystems that make up the ASTF instrumentation and control
systems are the Plant Instrumentation and Control System (PICS), Test Instru-
mentation System (TIS), and the Automatic Test Control System (ATCS). The
ATCS provides facility and engine status monitoring for the detection of unsafe
operating conditions having a potential for causing damage to the engine or the
test facility (Polce, 1982). Currently, many engineers are needed to monitor data
output from the ATCS to check for abnormal operating conditions during a test.

The ATCS is used to control test conditions inside the test cell, control of
engine operating conditions, and the detection of abnormal plant and engine op-
erating conditions. Because these tend to be problems in parameter estimation
and the detection of events outside expected parameters, the ATCS was chosen as

the initial test bed for the network.



CHAPTER II

PROBLEM ANALYSIS

(2.1) The ASTF Domain

The Aeropropulsion Systems Test Facility is designed for testing airbreath-
ing engine propulsion systems over a wide range of altitudes and Mach numbers.
Simulated flight tests conducted in the facility will determine the operational and
performance characteristics of aeropropulsion systems; thus, the time required for
flight tests is shortened, and the risks and expense of flight tests are minimized
(Polce, 1982).

The ASTF was designed to permit development and surveillance tests of large
airbreathing, jet propulsion engines throughout their operational envelopes by pro-
viding the capability for true simulation of flight altitude and flight Mach number
conditions. The facility is capable of performing direct-connect testing of turbojet
and high-bypass (8:1) turbofan engines up to 75,000 pound-rated, sea level, static
thrust throughout the appropriate engine operating envelopes (Polce, 1982). The
facility is designed to allow testing in both direct-connect and freejet modes.

In Polce’s (1982) thesis he describes different types of tests that will be con-
ducted in the ASTF. These test types require the capability of transient testing,
e.g., engine power transients, flight profile transients, or combinations of the two.
The facility operating conditions and the corresponding engine operating condi-
tions for testing in the ASTF are:

(2) Steady Environment — Transient Engine Power Setting.

|
|
(1) Steady Environment — Steady Engine Power Setting.



(3) Transient Environment — Steady Engine Power Setting.

(4) Transient Environment — Transient Engine Power Setting (Mission Profile
Simulation) (Polce, 1982).

Looking at the testing requirements that the ASTF must perform, it becomes
obvious that systems within the test cell must be able to alter both pressures
and temperatures, along with a number of valve openings, to regulate test cell
conditions. As the system increases in complexity, it becomes an overwhelming
task to supervise all the sensors that monitor the facility. Instrumentation and
data handling equipment must be provided to measure, transmit, acquire, display,
and process those measurements which are required to determine the performance
of the test article. The measurement capability for each test cell includes 970
pressure measurements, 820 temperature measurements, and 152 miscellaneous
measurements, such as forces, flows, speeds, geometries, vibrations, accelerations,

and strains (Polce, 1982).

As stated in (1.2), three major subsystems make up the ASTF instrumenta-
tion and control system. They are the Plant Instrumentation and Control System
(PICS), The Test Instrumentation System (TIS) and the Automatic Test Control
System (ATCS) [see Figure 1].

The ATCS performs a number of control functions inside the test cell. The ATCS
is used to:

(1) Control test conditions.
(2) Control engine operating conditions.
(3) Coordinate control of test and engine operating conditions with plant config-

uration changes.
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(4) Detect abnormal plant and engine operating conditions and their response
therecto.

(5) Communicate with facility operators (Polce, 1982).

f‘ | |
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T

: |
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Figure 1. ASTF Instrumentation and Control Interface Diagram.

Because of the importance of the ATCS and because it is used for detection
of abnormal conditions inside the test cell, this research concentrates on applying

neural network technology to enhancing the ATCS.

The ATCS controls the parameters which establish a desired test condition by
positioning forty-six of the facility configuration and control valves. The ATCS is
used to control various engine controls and the interface to the test cell engineers
is effected at a panel in the test building control room. Pertinent test information
is communicated to test cell personnel through four CRT terminals. It is the end
goal of this research to establish a better means of monitoring test data from the

ATCS.



(2.2) Fault Monitoring and Diagnosis

In order to apply neural networks to fault monitoring and diagnosis, the task
of fault detection must be seen as one of pattern recognition. In approaching the
ASTF we will say that fault detection is observing data that fall outside expected
parameters previously regarded as “normal” operation. Sensor data that fall out-
side normal boundaries do not necessarily indicate that the system is beginning
to fail, but it does indicate that an abnormal occurrence is taking place inside the
system that is being studied and warrants further attention. As stated previously,
in this research diagnostic problems are viewed as a mapping of an input pattern

representing sensor data to an output pattern which is interpretable as a diagnosis.

Analysis of a complex system should use an opportunistic strategy — there
is no computationally feasible “legal move generator” that defines the space of
solutions in which pruning and steering take place as in classical Al systems (Nii
and Feigenbaum, 1978). Bits and pieces of information must be used as the oppor-
tunity arises to (relatively) slowly build a coherent picture of the world (system).
This is one way in which neural networks are better than current Al methods at

analyzing signal data from complex systems.



CHAPTER III

THEORETICAL DEVELOPMENT

(3.1) Neural Networks

As stated previously, we will define a neural network as a biologically inspired
mathematical model, which can be represented by a directed graph, that has the
ability to learn through training. A neural network model typically has eight

major aspects. They are:

(1) A set of processing units.

(2) A state of activation.

(3) An output function for each unit.

(4) A pattern of connectivity among the units.

(5) A propagation rule for propagating patterns of activities through the network
of connectivities.

(6) An activation rule for combining inputs to produce a new activation level for
a unit.

(7) A learning rule whereby patterns of connectivity are modified by experience.

(8) An environment within which the system must operate (Rumelhart and Mec-
Clelland, 1988).

These will each be described in detail below.

Each processing unit in a neural network model represents some feature-like
entity such as an engine sensor. It is the pattern as a whole coming from the
system to be studied that is the meaningful level of analysis. The purpose of a

unit is to receive input from its neighbors and as a function of the inputs it receives
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to output a value to its neighbors. There are three types of processing units in a
neural network model: the input units which receive data from sources external
to the model, one or more layers of hidden units which are internal to the model
only, and a series of one or more output units which sends signals out of the model
to effect motoric systems or influence other external systems. Figure 2 shows a

three layer feed-forward neural network.

Y1 Y2 Ys seoe Ym

Layers of
Processing
Elements

Figure 2. A Feed-Forward Neural Network Architecture

A state of activation is the representation of the state of the system at some
time ¢ representing the pattern of activity over the set of processing units. It is
the pattern of activation over the set of units that captures what the system is

representing at any time.

Associated with each unit y; there is an output function y = w - 2 which
maps the current state of activation to some output y;; yi = E_w,-,-z j- Thereis
often some threshold function so that a unit has no effect on it; neighboring unit
unless the output function exceeds some certain value (Rumelhart and McClelland,

1988).
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The pattern of connectivity constitutes what the system knows and deter-
mines how it will respond to some arbitrary input. Neural networks are often
called connectionist networks because the computations in the net are largely per-
formed by the connection strengths. The signal coming into a processing unit is
the inputs from all incoming units multiplied by a weight and summed to get the

overall input to that unit, as in Figure 3.

Xm(Xy, X2, X3, .00.Xn)
W (W, Wa W .ot W)

M
y=Y x;wi>T
im1

Figure 3. A Single Neural Network Processing Element

The total pattern of connectivity can be represented by specifying the weights
for each of the connections in the system. Positive and negative weights can be
seen as excitory or inhibitory input respectively. The absolute value of the weight
gives the strength of the connection. How to determine appropriate weights is

dependent on the learning algorithm.

Propagation in the net is the sum of the net excitory inputs (the weighted

sum of the excitory inputs to the unit) and the net inhibitory inputs (the weighted
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sum of the inhibitory inputs to the unit). (Rumelhart and McClelland, 1988). The
activity of a unit is regarded as the degree of confidence that a preferred feature
is present. To reach a new state of activation a function f (activation rule) will be
used to take z and produce some new state of activation. f should be differentiable

in order to use certain learning algorithms.

What makes a network useful in the analysis of complex systems is the ability
to modify its connectivity through experience. There are three types of modifi-
cations to a network: the development of new connections, the loss of existing
connections and modifications of the strengths of connections that already exist
in the net. The derivation of these modification (learning) rules will be covered

under the section on learning algorithms.

The last aspect of the model is the environment in which it will operate.
Formally, we will define this as a time varying stochastic function over the space
of the input patterns. More simply; at any point in time, there is some probability
that any of the possible set of input patterns is impinging on the input units. The
environment for this research is the input vectors composed of sensor data coming

from the ATCS in the Aeropropulsion Systems Test Facility.

A description of how a neural network processes information follows: (For a
more detailed discussion of neural network functions see Appendix A: A Mathe-
matical Derivation of A Neural Network.) An input signal (stimulus) is received
by the nodes in the input layer and produces some activation level in a given in-
put unit, which conveys a signal of proportional strength based on the weighting
matrix to its [synaptic] connections, or nodes in the next layer. The global effect

is that a pattern of activation across the set of input units produces a distinct
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pattern of activations across the set of hidden units (Churchland and Churchland,
1990). The process is repeated again as many times as there are hidden layers.
As before, an activation pattern across the hidden units produces a distinct acti-
vation pattern across the next layer of nodes. In this way the network becomes a
device for transforming some input vector representing sensor data into a uniquely
corresponding output vector. It is a device for computing a specific function. Ex-
actly what function it computes is fixed by the global configuration of its synaptic
weights (Churchland and Churchland, 1990).

There are a number of procedures for training a network and adjusting the
weights. Many learning algorithms have been derived over the last two decades.
In choosing a learning algorithm for a system to monitor the ASTF we must real-
ize the function that we want to specify is initially unknown to us because of the
myriad possible fault situations. We can impose an unspecifyable function on the
network as long as we can supply a set of examples of the desired input/output
pairs. The network is then trained until it performs the input to output transfor-

mation desired.
(3.2) Learning Algorithms

When feasible, learning is a very attractive alternative to explicit program-
ming. This is particularly true when problems do not lend themselves to systematic
programming, such as pattern recognition. All neural network learning algorithms
have their basis in the neural learning rule discovered by Hebb in 1949. His rule

for “Hebbian learning” in a network is as follows:




When an axion of cell A is near enough to excite a cell B

and repeatedly or persistently takes part in firing it, some
growth process or metabolic change takes place in one or
both cells such that A’s efficiency, as one of the cells firing

B, is increased.

Neural Networks can be classified on the basis of the patterns stored and their
method of recall. Two labels for networks used as associative memories are au-
toassociative networks and heteroassociative networks. Autoassociative networks
associate a data item with itself. Heteroassociative networks associate two differ-
ent data items — one is used to recall the other. Heteroassociative type memories
must be trained with a data pair representing the input and the desired output
pattern associated with it. To store the pattern in a training set each input is pre-
sented to the system along with the desired output and some learning rule is used
to adjust the weights usually based on a difference equation and error between ac-
tual and desired outputs. To recall stored information an unfamiliar pattern from
a different set of patterns is presented to the network and the system outputs the

second member of the training pair, the associated pattern of output.

A heteroassociative network will be used for fault monitoring of the ASTF.
Interpretation of the network’s outputs and weights should give insight into the
meaning of signals in a complex system. If a network is able to respond to a set
of “interesting” patterns then this will form the basis for a feature detector which

we will use for detecting faults in our complex system.

The learning rule used for this system to discover normal and abnormal pat-
terns of data from the ASTF is backpropagation of error which was discovered
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simultaneously by a number of different research groups in the early 1980s. Back-
propagation is a heteroassociative, function estimating, neural network that stores
arbitrary analog spatial pattern pairs, using multi-layer error-correction encoding

between a target output vector and actual output values from the net.

The learning procedure consists of the net being assigned a random set of
weights and receiving a training set pair as input and evaluating the output in a
feedforward manner. The initial difference error between target and actual outputs
will be quite large. Using the backpropagation procedure, the algorithm calculates
a change in weight Aw;; for all w;; in the net for that particular pattern. This

procedure is repeated for all patterns in the training set to yield a resulting Aw;;.
Awij = nbi;(q)y;(q)

where 6;;(q) = — Eq: 257 (q) - 20 () [1 - 2{"(q)]

desired

; is the desired output for node z; and z?** is the actual output value of

¥4

node z;.

Corrections are made to the weights and the outputs again are evaluated in
a feedforward manner based on the number of iterations specified by the system.
Discrepancies between actual and target output values again result in evaluation
of weight changes (Pao, 1989). If the training is successful, the system error will
decrease with the number of iterations the system performs and the procedure will
converge to a stable set of connection weights. For a complete derivation of the
backpropagation learning rule see Appendix B: Derivation of the Backpropagation

Learning Rule.

Backpropagation is not guaranteed to find the global error minimum, only

the local error minimum which should be good in enough in determining a fault
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situation in the ASTF facility. Backpropagation was chosen for this research
because of its ability to store many patterns, its ability to generalize and its ability

to perform arbitrary nonlinear mappings (Simpson, 1990).
(3.3) The Network’s Ability to Generalize from Example

When considering neural networks for fault monitoring and diagnosis it is
important to consider how well the network can generalize from the set of train-
ing examples. It is impossible (and impractical) to present the network with all
possible examples of a fault. We are expecting the network to learn from a set of

examples and be able to generalize for all possible faults.

In diagnosing faults in the ASTF we have an environment, which is a set of
sensor values, and call this set X. In this environment we have a concept defined
as a function g : ¢ — {0,1} which is the presence or absence of a fault. The
goal of learning is to produce a hypothesis h : z — {0,1} that approximates the
concept g (Abu-Mostafa, 1989). In our case h is a pattern recognition system that
recognizes the presence of faulty data. To do this we have a number of examples
of the concept (z1,9(z1))...(zn,9(Zn)), in this case a set of input vectors from the
ASTF simulator and the desired outputs. A learning algorithm is one that takes
the examples and produces the hypothesis. Performance of the system can be

measured by the number of examples needed to produce a good hypothesis.

When backpropagation is used in a feed forward manner, we are guessing that
there is a good hypothesis to be gained by setting the weights and thresholds of
the network. The set of hypothesis H would then be the set of all functions h
that are obtained by setting the weights and thresholds of the net. The learning

algorithm picks a hypothesis he H that mostly agrees with g on the examples in the
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training set. In thinking about the generalizability of the network it is necessary
to ask: Does this choice, which is based on the behavior of the examples, hold in
general (Abu-Mostafa, 1989).

Generalization can be expected if the number of examples is large enough.
Without sufficient number of examples the algorithm cannot produce a good hy-
pothesis. With too many examples the computational task of digesting the exam-
ples into a hypothesis proves intractable.

(3.4) Adaptive Pattern Recognition

We will view pattern recognition as the ability to map a series of input pat-
terns into groups of output patterns (such as classes of patterns) or as Pao (1989)
defines “a mapping from representation space to interpretation space”. The goal of
this research with respect to pattern recognition is to determine if a neural network
can be used as the operator to carry out this mapping for use in fault diagnosis.
In the past, operators were installed in specific pattern recognition systems. We
will try to develop a network that can learn the optimal operators through train-
ing. The word adaptive means that the system will be able to deal with patterns
that are distorted with noise, be able to modify classification rules in accordance
with changing circumstances, and be able to self-organize the connectivity of the
network in accordance with the structure of pattern data (Pao, 1989).

In order to achieve an optimal operator we must understand the use of dis-
criminants in pattern recognition. A discriminant is a function or an operator
that, when applied to a pattern, yields an output that is either an estimate of the
class membership of that pattern or an estimate of the values of one or more of

the attributes of the pattern (Pao, 1989). Simply put, a discriminant is a type of
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operator that produces a mapping from pattern space into attribute space. The
discriminant we are after is one that processes a complete pattern at one time
rather than one feature at a time. The output of the net can be plotted as a map
of decision regions created in the multidimensional space spanned by the input
variables. The outputs from a single layer network form half-plane decision re-
gions. A two layer net can form many unbounded regions in the space spanned
by the input. The output of multi-layer networks form complex convex regions
based upon the intersection of the half-planes formed by each node in the first
layer of the network. (Lippman, 1987). These regions, bounded by hypersurfaces,
become our discriminants and patterns are classified in accordance whether they
are on one side or another of a hypersurface or a set of hyperplanes (Pao, 1989).
Using these hyperplanes divides the pattern space into volumes of unique class
membership. In this case the classes are simple; normal or faulty operation of the

system.
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CHAPTER IV
PROGRAM DEVELOPMENT

The system was written in VAX/VMS C on the University’'s VAX 11/785
using backpropagation code developed by Pao as a foundation (Pao, 1989). The
system was written so that different net architectures could be specified including
number of layers and number of processing elements. The learning algorithm
was the generalized delta rule (backpropagation) in order to learn weights and
thresholds with use of training set patterns. Training sets were created from
simulated data from an engine test cell simulator based on a mathematical model
of the ASTF. The average sampling rate for the data was five times per second
and the simulated tests ran between 10 and 20 minutes. Data points were from

the 33 ATCS data sensors.

Values of the data points ranged between 0.0 and approximately 600 de-
pending on the sensor and the data being sampled, whether it was a pressure,
temperature or a valve opening. Because the data values ranged so widely and the
initial connection weights of the network were given a random value between -0.5
and 0.5, the weight vectors would make wide swings around the input vectors as it
attempted to converge during training. Therefore the stabilization of the weight
vectors would take a long time (large number of iterations). Tests of the network
with raw data could not achieve optimal convergence within a limited number of
iterations. The network did begin to stabilize, but to achieve the lowest possible
system error a large number of iterations were necessary to train the network.

This equates to long run times in order for the network to learn from example.

There are two possible solutions to this problem. The first is to randomize




18

each initial connection weight in a range inversely proportional to the expected
magnitude of its input, or to scale the values of each component of the input to
be between 0 and 1. For this system the later method was chosen. To achieve
an optimal scaling of the input vectors it was important to consider the range of
values that a sensor could achieve over a failing system or even over a nominal
test with different mission objectives and varying test cell conditions. Data from
a temperature sensor might vary 50 degrees even for a test that was running

smoothly.

A program was written to take the training set composed of raw data repre-
senting both normal and faulty runs of the ASTF, find the maximum and minimum
value of each sensor and scale the values using the following method:

Scaled Value = (value — min)/(max - min) (4.0.0)

In this way if the value is equal to the minimum value of the sensor the scaled
value will be zero. If the value equals the maximum value of the sensor the scaled
value will equal one. The maximum and minimum computed for each sensor was
retained in another file so that test vectors that were not part of the training
set could be scaled using the same scaling factors as the training set. Although
this seems mathematically trivial, it was very necessary in order for the network
to converge towards a2 minimal system error in as few iterations as possible, and
to achieve a weight vector that the network could use to produce an accurate

diagnosis of the health of the test cell.

Next the desired outputs were specified for each input vector in order to
train the network using backpropagation. In order for the network to distinguish

between two classes of data, normal and fault, one output node was necessary with
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a high value (1.0) if the input vector indicated a fault and a low value (0.0) if the
conditions in the test cell were normal. These values were appended to the vectors
in the training set depending on whether the vectors represented data known to
be coming from a normal ASTF run or from a system that was in failure.

Though variations in the sensor values between a normal test situation and a
system in failure might be small, by looking at the complete pattern of input over
many sensors a neural network can learn to tell the difference between normal and

abnormal data. Initial and subsequent tests of the system confirm this.

Using a training set composed of these vectors the network can be trained
with the goal of converging to some near optimum local error minimum that would
enable it to differentiate sensor values from a normal test and sensor values from a
test where the system is failing. In other words, the network would discover some
function that when presented with a new vector (sensor data time slice) would
compute some high or low value for the output node. In this way a diagnosis
could be achieved as to the status of the ASTF and test cell personnel could be
alerted.

There are two things to consider when investigating whether a function can

be learned from example:
(1) Do the examples convey enough information to determine the function?

(2) Is there a speedy way of constructing the function from the examples? (Abu-
Mostafa, 1989).

These questions are crucial to the design of the training set. The training

set must contain enough examples to allow the network to determine the function
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without trying to represent every known normal or fault situation. In other words,

the network must learn to generalize as discussed in section (3.3).

In order to create a training set that is capable of generalization it was nec-
essary to test a number of possible combinations of normal and system-failure
vectors. Tests were conducted on the candidate training sets in order to answer
the following questions: Does the system trained with the training set converge,
and does the network achieve an accurate diagnosis when tested against some arbi-
trary input? A number of training sets composed of a combination of normal and
faulty vectors were used to train a two layer network composed of 22 input nodes
and one output node. The combinations ranged from 10 to 40 normal vectors and
10 to 40 faulty vectors. All combinations achieved convergence. However, not all
combinations were able to generalize for new input. A few of those combinations

are discussed here:

A training set composed of 10 normal vectors followed by 10 fault vectors
converged to a normalized system error of 0.000022. A training set of 20 normal
vectors followed by 20 fault vectors converged to a normalized system error of
0.000020. Likewise a 30/30 split achieved a system error of 0.000049 and a split
of 40/40 converged to a 0.000032 system error. Any of these system errors would
be satisfactory for diagnosing the status of the test cell. The crucial test was
one of generalizability. Only a network that learned from a training set with
at least 40 system-failure vectors was able to accurately classify some arbitrary
input as being from a nominal ASTF run or an abnormal one. A system trained
on a training set with less than 40 vectors representing faulty sensor data was
able to achieve convergence, but all arbitrary input was diagnosed as normal.

Likewise, a training set with 40 fault vectors and less than 20 normal vectors was
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unable to distinguish between normal and faulty patterns of data. To achieve
generalizability, it therefore appears that the training set must contain at least 20
normal vectors and at least 40 vectors from a test cell in failure.

To more clearly demonstrate why one combination of vectors in a training
set might classify better than another we can graph the hyperplanes formed by
a network trained with a particular training set combination. Figure 4 shows
the hyperplanes formed by a two layer network in two dimensions (sensors PO
and PL3H-sensors with the strongest connection strengths). When using different
training set configurations, it can be seen that the training set composed of 20
normal vectors and 40 fault vectors separates the classes of data reasonably well.
Training sets composed of less than 40 fault vectors were never able to separate
the two classes of data. A training set with more than 20 normal vectors tends
to push the hyperplane towards the origin. Based on these results this was the
training set used by the network for this research.

The training set was presented to the network over some number of iterations
(1000) and the weights and thresholds allowed to stabilize. The program was
designed to allow the maximum normalized system error to be input and the
iterations will continue until the desired system error is reached, or the iterations

are completed.

The user interface of the program allows the user to specify whether the
system will be used for learning (training) or output generation (testing). Because
the code uses dynamic allocation the user can input the number of features in the
input pattern (input nodes) and the total number of input samples in the training

set. The code also enables the user to specify the number of hidden layers in
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the network and the number of nodes in those hidden layers. The code allows
variations of the learning and momentum rate for the network based on user input.
Since the learning rule uses backpropagation of error it was necessary to be able to
vary not only the maximum total error for the system, but the maximum individual

error for each node as well. The system architecture is shown in Figure 5.
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Figure 4. Hyperplanes Formed by Different Training Set Combinations of Normal
and Faulty Data in Two Dimensions (Sensor PO and Sensor PL3H).
The first number indicates the number of normal vectors and the second
represents the number of faulty vectors; i.e., 20 20 represents 20 normal
and 20 fault.
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Figure 5. A System Architecture for Analyzing ASTF Test Data



CHAPTER V

RESULTS

(5.1) A Two Layer Semilinear Feed-Forward Neural Network: A Gen-
eralized Perceptron Approach

The Automatic Test and Control System (ATCS) in the ASTF uses 33 sensor
values for diagnosis of the health of the facility. Eleven of those are commands
values from the test cell engineers for changing the test cell environment. The
other 22 are sensors that monitor the conditions of the engine and the test cell. In
order to catch all possible faults that occur in the ASTF it is necessary to monitor
all 22 data sensors. The network was trained using a training set of 60 scaled
vectors composed of 20 normal followed by 40 abnormal vectors made up of 22
sensor values and their desired outputs. The network was allowed to iterate 1000
times over the training set to achieve the lowest possible total system error while
still achieving 1000 iterations. Finalized connection weights for the input nodes
(sensors) to the output node ranged between -1.61 and 3.78. The sensors with
the strongest connection weights (highest absolute value) were a pressure sensor
(P0) with a weight of 3.78, pressure sensor PL3H with a weight of 3.57 and a
valve opening sensor (LVC1B) with a connection weight value of 2.02. The final
threshold for the input nodes was -0.46. The hyperplane formed by the two layer
network is shown in Figure 6.

In order to interpret exactly what the network found, other than by testing
it on new data sets, we can look at how the final weights converged and try to
decide if the weight values are telling us anything about the system being analyzed.



Figure 6. Hyperplane Formed by a Two Layer Neural Network in Three Dimen-
sions (Sensor PO, Sensor PL3H and Sensor LVC1B)

Graphing the final weights in Figure 7 we can see the pattern of connection weights
with peaks at sensors PO, PL3H and LVC1B. As far as this two layer network is
concerned, the majority of relevant information as to the health of the system can
be gained from these sensors. In other words, these sensor values give the best

indications as to the status of the system.
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Figure 7. Final Connection Weights for a Two Layer Neural Network
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The two layer neural network was tested on seven data sets composed of ten
vectors made up of 22 sensor values. Two of those sets were from the training set
in order to judge whether or not the system was working correctly. The other five
were composed of arbitrary input vectors from the ASTF simulator representing
engine test runs new to the network. As expected, the network computed a low
output node value for the normal vectors extracted from the training set (0.013)
and a high output node value for the vectors representing faulty data taken from
the training set (0.999). This is not surprising since we would expect the network
to correctly identify input vectors it has seen before. The true test of the system,
of course, is its ability to make an accurate diagnosis of the health of the system
based on some unknown input. When a set of normal ASTF sensor vectors was
presented to the network the value of the output node value was 0.014, a correct
diagnosis. Four new data sets composed of faulty sensor vectors was presented
to the network and the output node achieved values of 0.990, 0.998, 0.936 and
0.990 respectively. These output values correctly indicate that the system is in
failure. This shows that the network architecture is making accurate diagnosis
and generalizing over the space spanned by the input variables. A summary of the

output values for the network tested on various data sets is given in Table 2.

To confirm that the network was indeed accurately classifying ASTF sensor
data from any sensor in the ATCS, the network was trained using a new training
set composed of vectors different from those in the original training set. The net-
work was tested against test vectors extracted from the training set. As expected
the system achieved high diagnostic accuracy with a mean output value of 0.997
for vectors representing faults and a mean output value of 0.0004 for vectors repre-

senting a normal test run. To test the network for generalizability over all sensors
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from the ASTF two unknown (not part of the training set) faults were presented
to the network from unspecified locations in the test cell. The first vector was an
unknown representing a turbine trip at an undisclosed location in the ASTF and
the second vector represented a compressor failure in an unspecified leg of the test
cell. The network achieved an output value of 0.998 for the first vector and 0.992

for the second vector.

(5.2) A Three Layer Semilinear Feed—-Forward Neural Network: A
Multilayer Perceptron Approach

A network was constructed using a hidden layer composed of three and five
processing elements. Tests were run for each type of network, both on the vectors
extracted from the training set and on the same unknown test vectors as for the
two layer network. Since a two layer network gave accurate responses, the three
layer network should be thoroughly scrutinized to see if it enhances the amount
of information gained from the network. Since adding a layer adds computational
complexity and adds to the time necessary to train and test the network, a hidden
layer should be able to detect hidden features in the patterns of input data not
seen by the two layer network, and be able to generalize over many different test

sets in order to make it economically worthwhile.

The first three layer neural network used three processing elements in the
hidden layer. Connection weights from the input nodes to the first hidden node
ranged from-1.60 to 0.76 with highest (absolute value) weights from sensors PO
(-1.55), PL3H (-1.60). Only these two sensors had connection weight strenghts
greater than 1.0. Connection weights from the input nodes to the second hidden
node ranged from -1.59 to 0.71 with greatest weight strengths from sensors PO (-
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1.30) and PL3H (-1.59). Again, only these two sensors had weights whose absolute
value was greater than 1.0. Connection weights to the last hidden node ranged
from-1.27 to 2.50 with the strongest connections from sensors P0 (2.28), PL3H
(2.50) and LVC2A (-1.27). By adding a hidden layer new information was gained
on diagnosing the health of the test cell, namely the significance of data from sensor
LVC2A. In the two layer neural net the connection strength between LVC2A and
the output node was high (1.48), but its relative importance in diagnosing the
status of the system was best seen in studying the connection weights between
the input layer and the third hidden node. The hyperplanes formed by the three
hidden nodes can be seen in Figure 8. The addition of the hidden layer produced

enough hyperplanes to form a more complex region to better classify the data.
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Figure 8. Hyperplanes Formed by Three Hidden Nodes Graphed in Three Dimen-
sions (Sensor PO, Sensor PL3H and Sensor TL1H)

A three layer neural network with five hidden processing elements was also
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explored. For all five hidden nodes the strongest connections between the input
layer and the hidden layer were from nodes representing sensors P0, PL3H, LVC1B
and LVC2A. Based on the finalized weights of the multilayer network, four sen-
sors give the strongest indication as to the health of the ASTF. A summary of

connection weights can be seen in Table 1.

The three layer neural network with three and five hidden processing ele-
ments (PEs) was tested on the same data sets as the two layer network in order
to compare diagnostic accuracy. A summary of the results is given in Table 2.
Computing the output for the network with three nodes in the middle layer using
data sets composed of normal and faulty vectors extracted from the training set,
resulted in an output node value of 0.010 and 0.996 respectively. For the test set
composed of new normal sensor data the value on the output node was 0.011. For
the four faulty sensor data sets the network achieved the following values: 0.991,
0.994, 0.973 and 0.991. By comparing these values with the outputs from the two
layer network it can be seen that diagnostic accuracy was increased somewhat in

four out of five test cases by the addition of the hidden layer.

Testing the three layer system with five hidden PEs, the network computed
output values of 0.011 for the normal test case extracted from the training set and
0.997 for the abnormal test case similarly derived. For the new unknown test cases
the network achieved values on the output node of 0.013 for the normal vectors
and 0.992, 0.996, 0.944 and 0.992 for the fault cases respectively. This architecture
did better than the two layer system in the same four out of five test cases as the
system with three hidden PEs, but achieved a higher diagnostic accuracy then the

other three layer network in only three out of five cases.



HIDDEN NODES
SENSORS 0 3 5
0 1 2 3 1 2 3 4 5
PT2 0.88 |-0.79 -0.60 0.70 | -0.35 -0.50 -0.40 0.18 0.69
PO 378 |-1.55 -1.30 228 |-0.05 -0.97 -1.21 098 275
TT2 -1.61 003 0.16 -0.97 |-0.54 0.08 0.10 -0.13 -0.33
PLA 0.56 0.49 0.36 -0.02 | 0.44 0.38 -0.09 -0.01 0.07
PHC1V 110 |-0.27 -007 040 | 0.00 0.00 -0.46 0.01 0.84
PLiH -1.35 0.76 0.69 -0.91 |-0.02 0.54 0.56 -0.81 -1.01
PL2H -1.02 0.22 0.16 -0.21 |-0.33 0.06 0.72 -0.53 -0.64
PL3H 357 |-1.60 -1.59 250 |-0.15 -1.27 -0.87 1.45 1.90
POECH 0.20 0.32 -0.20 -0.08 0.3 -0.14 -0.05 -0.03 0.03
TLiH 0.84 |-0.87 -0.83 0.92 |-0.43 -0.75 -0.04 0.32 0.45
TL2H .0.42 |-0.42 029 0.49 |-0.42 0.29 0.49 -0.23 0.03
TL3H 0.45 |-0.26 -0.01 0.04 | -0.08 0.05 -0.40 0.58 -0.14
THC1V 0.13 0.30 -0.10 0.28 | 0.22 -0.09 0.38 0.21 0.07
TC12 .068 |-0.44 -0.38 -0.34 | -0.40 -0.26 -0.41 -0.40 0.25
LVC1A 0.07 034 0.4 0.36 | 0.37 025 0.31 0.32 -0.40
LvCiB 202 |-0.28 -0.54 098 | 0.46 -0.34 -0.64 0.95 1.13
LVC2A -1.48 0.73 071 -1.27 |-0.14 0.52 0.35 -0.29 -1.40
LvC2B 133 |-0.42 0.00 0.86 | 0.00 0.07 -0.10 0.21 1.18
LVC3A 0.08 0.24 0.09 -0.41 | 0.13 0.09 -0.30 -0.14 0.21
LVC3B 1.41 .0.15 -0.83 0.07 | 0.25 -0.75 -0.81 0.47 0.82
LVTC1 -1.14 0.41 0.61 -0.47 |-0.24 0.41 0.74 -0.48 -0.63
LV100 0.09 0.09 045 0.05 | 0.06 049 0.04 0.41 0.08

Figure 9. Final Connection Weights from Input Nodes to Nodes of Hidden Layer

Based on Number of Hidden Nodes




Nodes :' Normal Faul Normal Fault 1 Faul 2 Faull 3 Fault 4
Middie Layer {\rain) (iraln) (tes1) (test) (1e81) (lest) (1es1)

0 0.013 | 0.9990.014 | 0.990 | 0.998 | 0.936 | 0.980

3 0.010 | 0.996 | 0.011 | 0.991 | 0.994 | 0.973 | 0.991

5 0.011 | 0.997|0.013 | 0.992 | 0.996 | 0.944 | 0.992

Figure 10. Final Output Values for Test Data Based on the Number of Nodes in
the Hidden Layer

The results of these tests prove that the network is achieving accurate diag-
nosis of the health of the ASTF over arbitrary inputs and that the network is able
to generalize over all possible faults in this instance. Based on the comparisons
in Figure 10, it can be seen that a three layer neural network with three hidden
nodes achieves a slightly more accurate diagnosis than a two layer neural network.
The addition of two more nodes in the hidden layer only results in a small increase
in performance, but significantly increases the time needed to train the network.
Tests conducted using the two layer network seem to indicate that data coming
from the ASTF sensors is linearly separable. Based on the increased run time

and greater computational complexity it appears that a two layer neural network
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is able to diagnose the status of the engine test cell with high enough diagnostic
accuracy not to warrant the addition of a middle layer, specifically the addition
of five hidden nodes. However, in this case a multilayer neural net proved useful
in discovering sensor information that give important insight into monitoring the
health of the test cell. Also Figure 6 clearly shows that a two layer neural network

is unable to seperate all classes of data, especially in the presence of noise.

The strongest connection weights from the first hidden node to the output
node were from sensors PL3H (~1.60), PO (-1.55), and TL1H (-0.87). Using
these weights to calculate the intercepts of the hyperplane on a three dimensional
graph clearly shows that a multi-layer neural network with three hidden processing
elements seperates data that was non-linearly separable. The addition of a middle

layer adds diagnostic accuracy to the network.



33

CHAPTER VI

MEANINGFULNESS IN THE INDIVIDUAL
AND SYSTEM ERROR

In order to judge the efficiency and accuracy of the network there are other
important features to look at other than diagnosis of unknowns. The backpropa-
gation learning algorithm has some drawbacks including the tendency to get stuck
in local minimums. Backpropagation is not guaranteed to arrive at the best solu-
tion, simply one that is pretty good. It is a gradient descent system and therefore
may get stuck in a local minimum that is not necessarily the best solution (best
set of connection weights) for the problem. In order to decide how well this system
is doing we must look at the way the system arrives at the final weights (what the
nodes are doing) and at the gradient curve of the total system error (or how the

desired output minus the actual output decreases over time).

In implementing a neural network there are a number of issues that must be
kept in mind. One is how a value of n (the learning rate) is to be chosen. A large 5
corresponds to rapid learning but might also result in large oscillations of the error
as the individual processing elements seek a minimum individual error. Figure 9
shows the total system error using over a training set using a learning rate of 0.9
over 100 iterations. The system error makes one wild swing and becomes level at

approximately 0.18.

Lowering the learning rate 5 to 0.7 (as shown in Figure 10) the total system
error increases at the first pass through the network and then drops off to a steep
decline around the fifth pass through the training set. It appears that a minimum

of system error is achieved but we would have stronger confidence in the accuracy
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of our system if the gradient descent was smooth.
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Figure 11. Total System Error for a Two Layer Neural Network with n = 0.9 Over

100 Iterations
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Figure 12. Total System Error for a Two Layer Neural Network with 7 = 0.7 Over

6.0000

100 Iterations

Figure 13 shows the total system error again with a learning rate 5 of 0.5.
This gradient descent makes one climb and then smoothly (rapidly) descends to
an error minimum around the 35th pass through the training set. Likewise when
n = 0.2 the total system error smoothly descends from a beginning level to an

asymptotic minimum over the full 100 iterations as in Figure 14.
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Figure 13. Total System Error for a Two Layer Neural Network with n = 0.5 Over

100 Iterations
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Figure 14. Total System Error for a Two Layer Neural Network with n = 0.2 Over

100 Iterations

The total system error for the backpropagation network is the sum of the
squares of all the individual errors for each node. To understand what is occurring
as the curve of the total system error is smoothly decreasing we need to understand
what is happening at the level of an individual processing element. Figure 15 shows

the individual error for the node representing sensor PL3H, a node that converged
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to a high final connection weight, when the system was trained with a learning
rate of 0.7. ‘At the second pass through the training set the individual error makes
a rapid descent and swings past the optimum error minimum before it swings back
to continue its descent towards that minimum. When the system was trained with
n = 0.5 a similar oscillation occurs for the node around the second pass through
the training set. The curve is similar to an automobile driver that has missed his

turn and doubles back to correct his direction (see Figure 16).
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Figure 15. Individual Error for a Two Layer Neural Network with n = 0.7 Over

100 Iterations for the Node Representing Sensor PL3H
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Figure 16. Individual Error for a Two Layer Neural Network with 7 = 0.5 Over
100 Iterations for the Node Representing Sensor PL3H
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When the system is trained with a learning rate of 0.2 the individual error

for sensor PL3H becomes a smoothly descending curve as in Figure 17.
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Figure 17. Individual Error for a Two Layer Neural Network with n = 0.2 Over

100 Iterations for the Node Representing Sensor PL3H

Other individual errors for processing elements representing different sensors
show similar results. Figure 18 shows the individual error for the node representing
sensor LVC1B when the network was trained using a learning rate of 0.7. When

the learning rate was lowered to 0.2 the gradient descent is smooth as in Figure
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Figure 18. Individual Error for a Two Layer Neural Network with n = 0.7 Over
100 Iterations for the Node Representing Sensor LVC1B
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Figure 19. Individual Error for a Two Layer Neural Network with n = 0.2 Over
100 Iterations for the Node Representing Sensor LVC1B

The network with the reduced learning rate was tested on unknown test vec-
tors to see if there was any change in diagnostic accuracy. The change in the
value of the output node over 100 iterations of the training set was approximately
0.05. Where the network trained with a higher learning rate achieved an average
output value of 0.994 and 0.980 for two unknown test vector sets, the network
trained with a learning rate of 0.2 achieved an average output value for the same

unknown test vectors of 0.952 and 0.917

Based on these results it can be seen that a network trained with a high
learning rate may have individual errors that oscillate back and forth across the
optimum minimum. The learning rate is simply the size of the step the error takes
along the gradient descent towards some ”good enough” minimum. Reducing the
learning rate decreases the size of the step the system takes along the descent
parabola in N-dimensional space (in this case 22 dimensional space). In these test

cases both a high and a low learning rate achieve a good error minimum. Although
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a higher learning rate may achieve faster learning, in designing neural networks to
diagnose the health of a complex system over all possible faults it is necessary to
have a high confidence that the network is achieving a near global error minimum.
To see if the error rate is descending tov{a.rds an optimal minimum, the individual
and system errors can be plotted after each iteration of the training set. Testing

the network with a lower learning rate shows little reduction in diagnostic accuracy.
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CHAPTER VII

THE NETWORKS ABILITY TO HANDLE NOISE

A great deal of criticism is given to diagnostic systems designed purely around
simulated data. Many systems, neural networks among them, do not perform as
well on real world data as they did on data from a simulator. One reason for this is
the noise that is created when sampling real time sensor data. If a neural network
is to be used for diagnosing the status of an engine test cell it must be robust and

resistant to noise.

Because of the unavailability of actual engine test data it was necessary to
add noise to the data sets created by the ASTF simulator. The original back-
propagation program was modified to allow the user to add a certain percentage
of noise to both the training set data and to the test set data. Random noise
was added to the vectors during every pass through the simulated data in order
to better resemble the noise that might be encountered in on-line training and
testing of the network. Every time any piece of data was used by the network in
either training or testing, the random number generator was re-seeded in order to
give completely random noise. Tests of the system were conducted with 5%, 10%,
25% and 35% noisy data. The algorithm used for adding noise to previously used

data sets was:

Noisy Data Value = (data value) + (uniform random number|-1,1]) * (percent noise)

(7.0.0)
A comparison of the noise levels for all seven tests sets for a two layer backpropa-
gation network is given in Figure 20. A two layer backpropagation neural network

was trained using a training set modified to include 5% noise. Seven test data sets
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composed of ten vectors (two from the training set and five previously unknowns)
were used to test the network. For the unknown normal vector set the network
computed an average value of 0.051. For the four unknown fault vector sets the
average computed values were 0.972, 0.993, 0.874 and 0.967. All these output
values diagnose the condition of the noisy simulated data with a high degree of

accuracy.

The network was trained again to include 10% noise. The average output
value computed by the net for the normal test vector set was 0.051. For the four
fault vector sets the respective average output values were 0.973, 0.993, 0.874 and
0.967. The performance of the network degrades slightly as the level of noise
increases. For tests conducted with 25% noise the average output value of the
network was 0.051 for the normal vectors and 0.973, 0.992, 0.873 and 0.967 for
the fault vectors. 35% noise in the training and testing sets resulted in average
output values of 0.051 for the normal vector set and 0.973, 0.992, 0.872 and 0.966

for the fault sets respectively.

Because a multilayer neural network spreads its knowledge in the form of
connection weights over more nodes, we would expect that it is less affected by
noisy data and would diagnose the status of the ASTF with a higher degree of
accuracy. This was indeed the case. The tests for noise in a two layer network
were repeated with a three layer neural net with three processing elements in the

hidden layer, with results as shown in Figure 21.

For a network trained and tested on vectors modified to include 5% noise
the average computed output values were 0.044 for the normal test vectors and

0.970, 0.976, 0.927 and 0.968 for the fault vector sets. For a network modified



nose | TAmNG | Taaming | NOMAL | AT | Bt | BT | R
SET SET

5% 0.046 0.998 0.051 0.972 0.993 0.874 0.967

10% 0.047 0.998 0.051 0.973 0.993 0.874 0.967

25% 0.048 0.998 0.051 0.973 0.992 0.873 0.967

35% 0.049 0.998 0.051 0.973 0.992 0.872 0.966

Figure 20. A Two Layer Neural Network Trained and Tested with Noisy Data

Over 100 Iterations

to include 10% noise in training and testing the average output values did not
change from the network trained and tested with 5% noise. The outputs also
remained unchanged for a network that included 25% noise. Based on this test we
can see that a multilayer neural network is robust and resistant to noise in some
instances. A slight degradation in diagnostic confidence appears in training and
testing a network to include 35% noise. The average output value for the network

was 0.045 for the normal vector set and 0.969, 0.976, 0.927 and 0.968 for the fault

vector sets.

By comparing the results in Figure 20 and Figure 21 it can be seen that the
three layer network does better on the unknown normal test vector set and fault

vector set four, and much better for the third fault test. A two layer network
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trained and tested with 35% noise for fault test set three computes an average
output value of 0.872 whereas a three layer network computes an average output
value of 0.927. It can be seen from these results that a multilayer neural network
is more robust and resistant to noise than a two layer generalized perception. If

training is to be conducted on-line in the ASTF a multilayer neural network should

be used.
NORMAL | FAULT

NORMAL | FAULT FAULT FAULT FAULT

NOISE | TRAINING | TRAINING TEST TEST 1 TEST2 TEST3 TEST 4

SET SET

5% 0.043 0.986 0.044 0.070 0.976 0.927 0.968

0% 0.043 0.986 0.044 0.970 0.976 0.927 0.968

25% 0.044 0.986 0.044 0.970 0.976 0.927 0.968

35% 0.044 0.986 0.045 0.969 0.976 0.927 0.968

Figure 21. A Three Layer Neural Network with Three Hidden Nodes Trained and
Tested with Noisy Data Over 100 Iterations
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CHAPTER VIII

THE NETWORKS ABILITY TO
CLASSIFY TYPES OF FAULTS

In Chapters V and VII we have shown that a neural network trained using
the backpropagation learning algorithm can be used to classify data from the
Aeropropulsion Systems Test Facility as being normal or indicative of a system in
failure. To make this system more useful to test cell engineers it would be helpful

for the network to tell us what type of fault is occuring.

The ASTF simulator was used to generate data representative of four types of
faults: the ASTF loses one air side compressor during a ramp in test conditions; the
ASTF experiences a turbine trip of the only turbine in use; the ASTF loses air side
compressors while it is idle; and some unknown fault that has not been diagnosed
by the test cell engineers. These faults along with vectors representing normal test
data are used to compose a training set in the following way: 30 normal vectors, 20
vectors representing the compressor failure during ramp, 20 vectors representing
a turbine trip, 20 vectors representing loss of air side compressors while at idle,
and 10 vectors representing an undiagnosed type of fault. This combinations was

picked by availability of the data and the results discussed in Chapter IV.

Both a two layer and three layer architecture were tested. In both cases the
network was composed of 22 input nodes representing the ASTF sensors and five
output nodes representing normal (node 0), compressor failure (node 1), turbine
trip (node 2), compressor failure at idle (node 3) and undiagnosed (node 4). De-
sired outputs were added to the training set with a high value (1) for the node

representing the type of fault and a low value (0) for all other output nodes. To
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make the data more similar to real time test data 10% noise was added. The

networks were trained for 100 iterations with a learning rate of 0.2.

After the network was trained it was tested on two vector sets from the
training set and five unknowns. Figure 22 shows the results for the two layer
network. For the test set composed of normal vectors the value of node 0 was
high (0.371) with all other nodes being relatively low. For the first fault test set
the value of node 1 representing a compressor failure was high (0.601) with all
other output nodes being relatively low. Likewise for fault test two the value for
node 1 was high (0.914) while all others remained low. Fault test three contained
data taken from the ASTF during a turbine trip and the value for node 2 was
high (0.479). Fault test four (compressor snap at idle) had a high value for node
3 (0.826) and a reasonably high value for node 0 (0.312).

A three layer network with three hidden processing units was tested for its
ability to classify types of faults. After the same training configuration as the
two layer network the net was tested against the same five test cases. The three
layer network did poorly at diagnosing normal test vectors for both the unknown
normal and normal data taken from the training set. In both cases the network
diagnosed the data as being representative of the undiagnosed fault. However, the
multilayer network did very well in diagnosing some types of faults. For fault test
one the value of node 1 was high (0.535). For fault test two (another compressor
failure) the value of node 1 was 0.876. For the turbine failure fault test three
the value of node 2 was 0.848 and for fault test four the value of node three was
high (0.864) with all other output nodes being relatively low. These results are

summarized in Figure 23.
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Based on these results it would seem that the multilayer neural network can
diagnose certain types of faults with high degrees of accuracy. However this net-
work architecture is not able to differentiate between normal data and unknowns.
While a two layer network does not give output values with as high a confidence
as the multilayer network, it is able to diagnose the status of the system with

accuracy and with no error during these tests.

WHET | T | mawns | MG | BT ) T | | R
0 0.473 0.081 03N 0.092 0.086 0.072 0.312
1 0.033 0.772 0.081 0.601 0.914 0.002 0.019
2 0.001 0.006 0.001 0.003 0.001 0.479 0.000
3 0.069 0.008 0.019 0.024 0.016 0.135 0.826
4 0.076 0.000 0.079 0.001 0.000 0.000 0.000

Figure 22. A Two Layer Neural Network Classification of Types of Faults with
10% Noise




oumer | wilinG | vhamn | Mo | BT | G| | T
0 0.279 0.000 0.090 0.001 0.000 0.006 0.097
1 0.012 0.866 0.069 0.535 0.876 0.033 0.003
2 0.000 0.084 0.000 0.043 0.050 0.848 0.048
3 0.057 0.003 0.038 0.015 0.003 0.064 0.864
4 0.514 0.035 0.777 0.062 0.059 0.000 0.067

Figure 23. A Three Layer Neural Network with Three Hidden Nodes Classification

of Types of Faults with 10% Noise




CHAPTER IX

CONCLUSIONS

This research has shown that a neural network can be used to differentiate
between patterns of data representing a normal test run of the Aeropropulsion
Systems Test Facility and sensor data coming from a test cell that is in failure. A
network was also built to classify the type of fault that is occuring. For simulated
ASTF data a near optimal diagnosis can be achieved using a two layer neural
network (generalized perceptron). However, for simulated data with noise such as
would occur in actual engine test cell data, a multilayer neural network with three
hidden processing elements yields a more accurate diagnosis. The neural network
architecture described in this thesis diagnoses the health of the ASTF with a high
degree of accuracy after being exposed to an input vector representing sensor data
from only one time slice (0.2 sec) and an even higher accuracy after averaging ten

time slices, or two seconds, worth of data.

In addition, by monitoring the converging weights of the input processing
elements it was seen that the most relevant information used by the 22 input
node network comes from four sensors, PO, PL3H, LVC1B and LVC2A based on
connection strengths (see figure 9). Graphing the node connection weights and
the total system error for various network parameters shows whether the weights

oscillate while approaching error minima.

This thesis has demonstrated the usefulness of neural networks for fault mon-
itoring and diagnosis. Further research and implementation of neural network
based systems will give test personnel a new tool in the anlysis of critical test

data. This system will help take neural network technology out of the laboratory
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and help create commercial systems for the analysis of complex systems. The

most significant potential benefit of the system which has been developed is the

improved safety of test cell personnel by rapid detection of faulty conditions. This

will be of extreme importance as testing begins on more advanced systems such

as the National Aerospace Plane and the Advanced Tactical Fighter.
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APPENDIX A

A Mathematical Derivation of
a Neural Network

Consider some processing unit y. y has a number of inputs z;,2;---z, either
from an input vector or from other processing units. Each input has a connection

strength (or weight) to the unit y.

The set of n weights can be represented as an n dimensional vector w. The state
of activation of the unit y is the inner product of the weight vector with the input

vector = (1,2, " Tn)

y=w-2

To expand the model; if w;; is the connection strength to the ith output from the

jth input then the output of the unit is

yi = Zwijzj
J

If we normalize the input vectors and designate some threshold function so that
the state of activation must exceed that threshold in order to pass on its output

to the next layer of processing elements, (the threshold allows the unit to make a
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decision), then for a particular unit y;
yi =1if Zw;_,-xj >T; elsey; =0
i

The properties of the inner product let us picture the system as computing the
closeness of the input vectors to the weight vector in N-dimensional space where

N is the number of input units.

Represented graphically for a network with 4 input nodes and 4 output nodes the

state of situation for the system is:

Adding weights to the diagram

T ) I3 Ty

Wi — W2 — W3 — Wiy — Y1
Wz — W22 — W23z — W24 —* V2
W31 — W3z — W33z — W34 — Y3

Wy = Wy — W43 — Weq — Y4



Represented algebracially

wij = weight to y; from z;

Vi = Ewijmj
J

W
Y2
Y3
Y4

y=We

W13
w21
W31
W41

wi2
W22
W32
Wq2

W3
W23
W33
W43

W14

Wa4
W3y

Wa4

T3
T2
I3
Ty
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APPENDIX B

A Mathematical Derivation of the
Backpropagation Learning Algorithm-

Consider some three layer neural network with layers z,y, z.
Let v; be the weight vector into node y; and w; be the weight vector into node z;

Let f be the differentiable Sigmuid function such that

1
14e™¥

fly)= (3.2.1)

whose derivative is

f'ly) = fW1 - (W) (3.2.2)

where f'(y) = df (y)/dy

* From CS 522 lectures given by Bruce Whitehead, April 16-23, 1990. Lecture
notes prepared and edited by Jim Golden, May 1990.
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If we say that each node y; in the hidden layer has a total input activation yij“

and an output y$"*, then for each node in the hidden layer

y}n =v;-2 (323)
and
: 1
W = F () = — (3:2.4)
j ( j ) 1+e ¥
Also for each node z; in the output layer
Zit = w; -y (3.2.5)
. 1
M= ()= ———— 3.2.6
f) == (3.26)

Let @ be the training set of patterns that the network will use to learn. Then
z(1),2(2)...,2(q),... forall g€ Q

will be a set of training vectors and |@| will be the number of training vectors in

the set. The error on node z; for each training vector q is
zfrror(q) — z?ut(q) _ z?eSired(q) (3.2'7)
and the mean squared error for node z; is
AE = ZW%) (3:28)
1Ql
The total system error for layer z is
E= " ME (3.2.9)
1

=ﬁZZWWW (3.2.10)
i g
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Deriving the learning rule for layer z, where a is the learning rate

Aw;j = _03;::: (3.2.11)
—ad lQIZYLj[em"(q)]2 JOw; (3.2.12)

a [zerror(q)]
= lez B (3.2.13)

Using the chain rule eqn. (3.2.13) becomes

L _ T« 6[Zerror(q)] azerror(q) az°“‘(q) 62 (q)
Awu - |Q| Z Z azfrror(q) az?ut(q) az:n(Q) awU (3.2.14)

Calculating the partial derivatives, eqn. (3.2.14) becomes

I_Ql Z 22 257 (g) - 1- 22" (q) [1 - 20" (9)] Av; (3.2.15)
where Ay; = y;°"(¢) if i' = j and Ayj = 0 otherwise. Therefore

Awij = _—_2_01 sznor(q) . z?ut(q) [ out(q)] yout
ar 2

let
bi(g) = - 2" (g) - 2" (9) [1 - 27" (a)]
q
then
2a
Aw;j = —8i(q)y3""(a) (3.2.16)
QI
Likewise, the learning rule for layer y:
—-aazTSE -a
Avjp = — —— = ] YY) Lo (3.2.17)
7 q i

and using the chain rule

_ a(zerror(q))2 azerror(q) azout(q) azin( ) “t(q) 6y (q)
=01 -2 327" (q)  9z9"(q) 0z"(g) Oy (q) Oy (a) Ovjk

(3.2.18)

q i
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Solving for the derivatives we get

Avjk = %T YD 22 (g) 127" (g) [1 = 22 (9)) wi ug (@) [1 - 45" (9)] 2a(9)
q i

(3.2.19)
= 2205 oa@ (@) [ - (@] @) [ - )] w,.,.‘
q ' (3.2.20)
Recall §; from eqn. (3.2.16) and let
8; =y (q) [1 —v{™(q)] Z 8i(q)wij (3.2.21)
then '
Aok = 22 5 85(q)ar(a) (3:2.22)
R
let
n= % (3.2.23)
then
Av; =1 6i(g)xr(q) (3.2.24)
q
In summary
Aw; = nbi(q)y;(q) (3.2.25)
and
Avjr =1 6i(g)2(q) (3.2.26)
q

Thus the activation of the network is feed forward but the error is propagated
backword because the §;’s of the hidden layer are calculated from the é;’s of the

output layer.
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