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An ARCHITECTURE FOR DESIGNING
FUZZY LOGIC CONTROLLERS USING
NEURAL NETWORKS
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Abstract

In this paper, we describe an architecture for designing fuzzy con-
trollers through a hierarchical process of control rule acquisition and
by using special classes of neural network learning techniques. Hier-
archical development of the fuzzy control rules is a useful technique
which has been used earlier in designing a fuzzy controller with in-
teractive goals [5]. Also, we introduce a new method for learning
to refine a fuzzy logic controller. A reinforcement learning technique
is used in conjunction with a multi-layer neural network model of a
fuzzy controller. The model learns by updating its prediction of the
plant’s behavior and is related to the Sutton’s Temporal Difference
(TD) method. The method proposed here has the advantage of using
the control knowledge of an experienced operator and fine-tuning it
through the process of learning. The approach is applied to a cart-pole
balancing system.



1 Introduction

Fuzzy logic controllers have recently experienced a huge commercial success
[12,6]. These controllers are usually developed based on the knowledge of
human expert operators[4]. However, starting with the Self Organizing Con-
trol (SOC) techniques of Mamdani and his students (e.g., [9]), the need for
research in developing fuzzy logic controllers which can learn from experience
has been realized (e.g., [8]). The learning task may include the identification
of the main control parameters (i.e., related to the system identification in
conventional and modern control theory) or development and fine-tuning of
the fuzzy memberships used in the control rules. In this paper, we concen-
trate on the latter learning task and develop a model which can learn to
adjust the fuzzy memberships of the linguistic labels.

The organization of this paper is as follows. We first discuss the general
model of our NeuroFuzzy Controller (NFC) and then we apply this model to
the control of a cart-pole balancing system. Finally, we compare this model
with other related research works such as the credit assignment in artificial
intelligence [10], Barto et. al.’s AHC model [3], and Lee and Berenji’s single
layer model [8].

2 NFC: A Model for Intelligent Control

Figure 1 illustrates the general model of our intelligent controller. The two
main elements in this model are the Action-state Evaluation Network (AEN),
which acts as a critic and provides advice to the main controller, and the
Action Selection Network (ASN) which includes a fuzzy controller.

2.1 Action-state Evaluation Network (AEN)

The only information received by the AEN is the state of the plant in terms
of its state variables and whether a failure has occurred or not. Figure 2
illustrates the structure of an evaluation network including my hidden units
and n input units from the environment (i.e., Zo, Z1,..., Tn). The triangles
represent the calculation-center [1] of the units where the updating equations
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Figure 2: The Evaluation Network

(to be described bellow) are applied. The input from the environment is
provided to all hidden units and output units while an interconnection weight
exists at every intersection. Therefore in this network, hidden units receive
n + 1 inputs and have n + 1 weights each while the output units receive
n + 1+ my inputs and have n + 1+ m;, weights. If A, B, C are the matrices
of connection weights, then the output of the evaluation network is:

ol t] = Y bl + 3 eltlut 1)
where "
yilts, ta] = .‘l(;1 aij[ti)z;lta]) (2)
and 1
9(s) = 3 per (3)

In the above equations, double time dependencies are used to avoid in-
stabilities in the updating of weights [2]. This network evaluates the action
recommended by the action network as a function of the failure signal and
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the change in state evaluation:

0 if state at time ¢ + 1 is a start state;
Ft+1] = rlt+1] —v[t, ¢ if state at time t+1 is a failure state;
rlt+ 1] +yvlt,t + 1] — v[t,t] otherwise
(4)
The weights in this network are modified according to the followings:
bilt + 1] = bi(t] + Brt + 1)z;t] (5)
alt + 1] = alt] + B[t + Lwilt, ¢] (6)

aij[t + 1] = a;[t] + Buf[t + Uuilt, t)(1 — wilt, t])sgn(ailt])zlt]  (7)
where 0 <7 <1and 3,8, >0.

2.2 Action Selection Network (ASN)

The Action Selection Network (ASN) includes a fuzzy controller which con-
sists of a fuzzifier, a rule base and decision making logic, and a defuzzifier all



represented in a network. The design of the rule base for this fuzzy controller
follows the algorithm developed in [5] which is based on a hierarchical process
considering the interaction of multiple goals.

In this paper, the above fuzzy controller is modeled by a two layered
neural network where the input layer includes the fuzzifier whose task is to
match the values of the input variables against the labels used in the fuzzy
control rules. The hidden layer in this network corresponds to the rules
used in the controller and includes the decision making logic. The output
layer includes the decoding (defuzzification) process. In the following, a brief
explanation on fuzzy logic control is provided. However, for more detailed
information, see [4]. The action selector is shown in Figure 3, where the
matrices of connection weights are D, E, and F. The individual member
of these matrices are labelled d;;, €;, and f;. In this network, the hidden
nodes represent a fuzzy control rule in the following manner. The inputs to
the node are the preconditions of a rule and the output of the node is its
conclusion. We assume a Multi Input Single Output (MISO) control system.
The output layer combines the conclusion of the individual rules by using
the Center Of Area (COA) method [4] which is described below. Let w(i)
represent the degree that rule 1 is satisfied by the input state variables in X
which means ' :

w(i) = Min{dipa(21), dizpria(22), .., dinptin(2a)} (8)

where g1 (z1) tepresents the degree of membership of the input z; in a fuzzy
set representing the label used in the first precondition of the rule i and n
is the number of inputs. Then m(3), which represents the result of applying
the w(i) on the conclusion of rule 7, is calculated from

w(i) = pe,(m(i)) (9)

where g, represents the monotonic membership function of the label used
in the conclusion of rule i. The amount of the control action (i.e., u) is then
calculated by using the Center Of Area (COA) method as the following.

Assuming discretized membership functions, COA reveals
™ fi x m(3) x w(i)
B w(d) x fi

where my, is the number of nodes in the hidden layer which is equivalent to
the ggfxﬁnﬁbg@ pf Vrules used in the model. We define two more functions here:

u(t) = &= (10)



4lt] = 9‘2 &;lt]z51t) (11)

plt] = g(_z'_’; ee[t]ze[t]+§_§fs[t]z¢[tl) (12)
and 1, with probability p[t];
qlt] = { 0, with grobabiué 1 Zlt] (13)

The connection weights are updated according to the followings:

eilt + 1] = ei[t] + pf[t + 1)(glt] — plt])=ilt] (14)
£t + 1] = £ilt] + o[t + 1](qlt] — plt]) zi(t] (15)
&t + 1] = dij[t] + pnlt + alt](1 - z[t))sgn( £it]) (alt] — plt])=;t] (16)

where p and pp > 0.

3 Applying NFC to Cart-Pole Balancing

In this section, we describe the cart-pole balancing problem and apply the
NFC model to its control.

3.1 The Cart-Pole balancing problem

In this system a pole is hinged to a motor-driven cart which moves on rail
tracks to its right or its left. The pole has only one degree of freedom (rotation
about the hinge point). The primary control tasks are to keep the pole
vertically balanced and keep the cart within the rail tracks boundaries.

Four state variables are used to describe the system status, and one vari-
able represents the force applied to the cart. These are:



z horizontal position of the cart on the rail

¢ : velocity of the cart

8 : angle of the pole with respect to the vertical line
6 angular velocity of pole

u force applied to the cart.

We assume that a failure happens when | 6 |> 12 degrees or | z |> 2.4
meters. Also, we assume that the equations of motion of the cart-pole system
are not known to the controller and only a vector describing the cart-pole
system’s state at each time step is known. In other words, the cart-pole
balancing system is treated as a black box by the learning system.

Figure 4 presents the model of NFC as it is applied to this problem.
Among the components of this model, we only describe the Action Selection

Network here.

8.2 The Action Selection Network

The action network was modeled by defining a multi-layered neural network
which receives reinforcements from the evaluation network. This network,
as shown in Figure 4, consists of 5 input nodes representing the four state
variables and a bias unit, 13 nodes in the hidden layer, and an output node.
The nodes in the hidden layer correspond to the fuzzy control rules. For
example, node 1 corresponds to the rule:

IF 8 is Positive and § is Positive Then Force is Positive-Large.

As mentioned earlier, the rule base of a fuzzy controller consists of rules which
are described using linguistic variables. As shown in Figure 5(a) and Figure
5(b), three labels are used here to linguistically define the value of the state
variables: Positive (P), Zero (Z), and Negative (N). Seven labels are used
to linguistically define the value of force recommended by each control rule:
Positive Large (PL), Positive Medium (PM), Positive Small (PS), Zero (ZE),
Negative Small (NS), Negative Medium (NM), and Negative Large (NL).
The forward calculations in this network is based on fuzzy logic control as
described in [5], where nine fuzzy control rules were written for balancing
the pole vertically and four control rules were used in positioning the cart at
a spedific location on the rail tracks. The presence of a connection between
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levels for F

an input node j and a node 7 in the hidden layer indicates that the linguistic
value of the input corresponding to node i is used as a precondition in rule
i. As shown in Figure 4, the first nine rules, corresponding to the hidden
layer nodes 1 to 9, are rules with two preconditions (i.e., 6, and 6). The rules
10 through 13 include four preconditions representing the linguistic values
of 9, 8, z, and . In this network, D represents the matrix of connection
weights between the input layer and the hidden layer, and F represents a
vector of connection weights between the hidden layer and the output node.
The amount of force applied to the cart is calculated using the equations (8)
to (10) as were given in the last section.

4 Relation to other research

Credit Assignment The evaluation network in our work is similar to the
Samuel’s early work on credit assignment [10]. The Adaptive Heuristic Critic
(AHC) model of Barto et. al. [3] provides a more general approach to credit
assignment which learns by updating the predictions of failures. If no failure
signal is present, the internal reinforcement provided by AHC is just the
difference between the successive predictions of failure. Recently, Sutton [11]
has formalized this method as the Temporal Difference methods.

10



Anderson’s .Multi-layer networks We use the same structure as pro-
posed by Anderson (2], however, the action selection network in our model
is based on fuzzy logic control. Using the structure of a fuzzy controller,
Anderson’s approach is extended here to provide for the following attributes
in NFC.

o The continuous representation of the output value.

e The inclusion of the human expert operator’s control rules in terms of
hidden units in the action selection network.

It should be noted that Anderson’s goal in 1] was to discover the interesting
patterns and strategy learning schemes. Not much effort was spent on making
the process learn faster. In our work, although we allow some of the strategy
learning to happen automatically, we start from a knowledge base of fuzzy
control rules and fine-tune them as learning happens in the neural network,

Single Layer NeuroFuzzy Control Lee and Berenji (8] and Lee [7] have
used a single layer neural network which requires the identification of the
trace functions for keeping track of the visited states and their evaluations.
The generation of these trace function is a difficult task in larger control
problems. However, the approach suggested in the current paper does not
use trace functions. The neural network representation of the fuzzy control
rules in NFC allows faster development and faster learning. Also, in the
single layer model, only the generation of the output values were considered.
The preconditions of the fuzzy control rules were left untouched. However,
in NFC, based on reinforcements received from the environment, both the
preconditions and the conclusions of rules can be modified (i.e., fine-tuned).

5 Conclusion

A new model based on the reinforcement learning technique and fuzzy logic
control was proposed which is applicable to control problems for which the
analytical models of the process are unknown. The NFC model presented
here improves the previous models in neurofuzzy control by learning to fine-
tune the performance of a fuzzy logic controller.

1"
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AN OVERVIEW OF THE NEURON RING MODEL

Rod Taber
Center for Applied Optics
University of Alabama in Huntsville
Huntsville, AL 35899

ABSTRACT

The Neuron Ring model employs an avalanche structure with two
important distinctions at the neuron level. Each neuron has two
memory latches; one traps maximum neuronal activation during
pattern presentation, and the other records the time of latch
content change. The latches filter short term memory. In the
process, they preserve length 1 snapshots of activation history.

The model finds utility in pattern classification. Its synaptic
weights are first conditioned with sample spectra. The model
then receives a test or unknown signal. The objective is to
identify the sample closest to the test signal. Class decision
follows complete presentation of the test data. The decision
maker relies exclusively on the latch contents.

This paper presents an overview of the Neuron Ring at the semi-
nar level. The appendix contains the information in slide for-
mat.
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APPENDIX

The next fifteen pages are slides describing the Neuron Ring
model.
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ABSTRACT

Neural network algorithms have impressively demonstrated the
capability of modelling spatial information. On the other hand, the application of
parallel distributed models to processing of temporal data has been severely
restricted. This work introduces a novel technique which adds the dimension of
time to the well known backpropagation neural network algorithm. The paper
cites several reasons why the inclusion of automated spatial and temporal
associations are crucial to effective systems modelling. An overview of other
works which also model spatiotemporal dynamics is furnished. In addition, a
detailed description of the processes necessary to implement the space-time
network algorithm is provided. The reader is given several demonstrations
which illustrate the capabilities and performance of this new architecture.

INTRODUCTION

Throughout history, the meaning of time has plagued the minds of
mankind. The wise Greek philosophers, Socrates, Plato, and Aristotle pondered
deeply with what the influence of time had on human knowledge. The English
poet, Ben Johnson, wrote "O for an engine to keep back all clocks" giving voice
to our ageless lament over the brevity of human life. The great scientist,
Einstein, who developed the theory of relativity, believed that space and time
cannot be considered separately, but that they depend upon one another.

A need for space-time knowledge capture representation is clearly
evident. Human cognitive thought processes involve the use of both space and
time. A childhood event is remembered by an occurrence (or space) and its
associated place in time. We speak of an event which occurred a specific time
ago. Linguistic meanings are expressed in a manner in which proper temporal
order plays a crucial role in the conveyance of a concept. Take, for example, the
phrases "house cat” and "cat house”. Speech production, too, is very order
dependent -- subtleties in intonations may change the whole meaning of a
concept. The more advanced engineering systems have characteristics which
vary over time. For instance, complex machines such as the Space Shuttle
Main Engine are abound with sensors, each varying over the life of the
machine's operation. A model which is capable of automatically associating
spatial information with its appropriate position in time becomes increasingly
significant.

Also, microscopic level investigations reveal a need to incorporate time
or sequence discovery and adaptation into the modelling framework. It is clearly
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evident that information exchange at the neuronal level occurs through a rich
interchange of complex signals. Freeman [3] and Baird [1] have done extensive
research on the olfactory bulb at anatomical, physiological, and behavioral
levels. Their findings have shown that information in biological networks takes
the form of space-time neural activity patterns. These dynamic space-time
patterns encode past experience, attempt to predict future actions, and are
unique to each biological network.

As seen in figure 1, the "classical" neuron has several dendrites which
receive information from other neurons. The soma or cell body performs a wide
range of functions; it processes information from the dendrites in a manner
which is not entirely understood and also maintains the cell's health. The
information processed by the neuron is distributed by its axon to other
interconnected neurons by the propagation of a spike or action potential. Along
each dendrite are thousands of protrusions where neurons exchange
information through a process known as synapse. The synaptic cleft releases
chemicals known as neurotransmitters. Even at this microscopic level, the
relevance for time adaptive neural networks becomes clearly evident. Synaptic
clefts take on roles such as neurotransmitter modulators, generators, and filters
which cloud the neuron's inner workings and render these ever changing
dynamical properties especially difficult to study.

Connectionist architectures have impressively demonstrated several
models of capturing spatial knowledge. To accomplish this, the most popular
solution has been to distribute a temporal sequence by forcing it into a spatial
representation. This approach has worked well in some Instances [11]. But
there are problems with this approach and it has ultimately prove inadequate.

A REVIEW OF NEURAL NETWORKS

A network is comprised of numerous, independent, highly interconnected
processing elements. For backpropagation networks, each element can be
characterized as having some input connections from other processing
elements and some output connections to other elements. The basic operation
of an element is to compute its activation value based upon its inputs and send
that value to its output elements. Figure 2 shows a schematic of a processing
element. Note that this element has j input connections coming from j input
processing elements. Each connection has an associated value called a
weight. The output of this processing element is a non-linear transform of its
summed, continuous-valued inputs by the sigmoid transformation in (1) and (2).
Understanding the details of this transformation is not essential here; the
interested reader will find an excellent description of such details provided by
Rummelhart et. al.[8].
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Cell Body

Dendrite

Figure 1 .... Schematized diagram of the classical neuron.

When groups of processing elements are arranged in sequential layers,
each layer interconnected with the subsequent layer, the result is a wave of
activations propagated from the input processing elements, which have no
incoming connections, to the output processing elements. The layers of
elements between the inputs and outputs take on intermediate values which
perform a mapping from the input representation to the output representation. It
is from these intermediate or hidden elements that the backpropagation network
draws its generalization capability. By forming transformations through such
intermediate layers, a backpropagation network can arbitrarily categorize the
features of its inputs.

EFZW:‘jl’j (1)

pi=P(E;)=—1—
1+eEi (2)
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V p(E)

Figure 2 .... Processing element in a backpropagation network.

A

The heart of the backpropagation algorithm lies in how the values of its
interconnections, or weights, are updated. Initially, the weights in the network
are set to some small random number to represent no association between
processing elements. Upon being given a set of patterns representing pairs of
input/output associations, the network enters what is called a training phase.
During training, the weights are adjusted according to the learning technique
developed by Rumelhart et. al. The training phase is modelled after a
behavioristic approach which operates through reinforcement by negative
feedback. That is, the network is given an input from some input/output pattern
for which it generates an output by propagation. Any discrepancies found when
comparing the network's output to the desired output constitute mistakes which
are then used to alter the network characteristics. According to Rumelhart's
technique, every weight in the network is adjusted to minimize the total mean
square errors between the response of the network, pp and the desired

outputs, t,; .10 a given input pattern. First, the error signal, Ji, is determined for
the output layer, N:

N :
5" = (6-p M) PEN ) (3)
The Indices p and i represent the pattern number and the index to a node
respectively. The weights are adjusted according to:

+ +
Aw,-]g" ])=aAWij£n)+n8"(n I)Pj(n) (4)
Aw.(.") . , . . .
where ij is the error gradient of the weight from the jth processing
element in layer n to the ith unit in the subsequent layer (n + 1). The parameter
a, performs a damping effect through the multi-dimensional error space by
relying on the most recent weight adjustment to determine the present
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adjustment. The overall effect of this weight adjustment is to perform a gradient
descent in the error space; however, note that true gradient descent implies

infinitesimally small increments. Since such increments would be impractical, "
is used to accelerate the learning process. In general, then, the errors are
recursively back propagated through the higher layers according to:

/ (3)
where P'(E) is the first derivative of P(E).

OTHER SPATIOTEMPORAL NEURAL NETWORK ARCHITECTURES

Advances in capturing spatial temporal knowledge with neural network
architectures have been made by Jordan[4] and EIman[2]. Jordan approaches
this problem by partitioning the input layer in a connectionist network into
separate plan and state layers. In essence, Jordan's architecture acts as a
backpropagation network, except for the specialized processing elements in the
state layer, which receive their inputs from the output units, as well as from
recurrent connections which allow the state layer elements to "remember” the
network's most recent state. In other words, the state units behave as pseudo
inputs to the network providing a past-state history. Here, a recurrent connection
is one in which it is possible to follow a path from an element back onto itself as
shown in figure 3. Recurrent networks of this type allow the element'’s next state
to be not only dependent on external inputs, but also on the state of the network
at its most previous time step. For further discussion of this network’s operation
refer to Jordan. In general, however, this network is trained to reproduce a
predetermined set of sequence patterns from a static input pattern. One of the
authors (Villarreal), used this network architecture extensively in developing a
speech synthesizer. The inputs to the speech synthesis network represented a
tri-phoneme combination and the output was partitioned to represent the
various vocal tract components necessary to produce speech. l.e., the output
layer in the speech synthesis neural network consisted of the coefficients to a
time-varying digital filter, a gain element, and a pitch element which excited the
filter, and a set of down-counting elements where each count represented a 100
millisecond speech segment. To train a single tri-phone set, the network was
first reset by forcing the activation value of the elements in the state layer to
zero, then a tri-phone pattern was presented to the network's input and held
there during the learning process while the outputs changed to produce the
appropriate output characteristics for that particular tri-phone combination. The
outputs would represent the transition from one phoneme to another while a
smooth transition in pitch, gain, and vocal tract characteristics would take place.
The process was then repeated for other tri-phone combinations.
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v

Y

State Units

Figure 3 .... The connection scheme for Jordan's network architecture
which learns to associate a static input with an output sequence.

Eiman modifies Jordan's approach by constructing a separate layer,
called the Context Layer, which is equal in size to the number of units in the
hidden layer (see figure 4). However, the context units receive their input along
a one-to-one connection from the hidden units, instead of from the output units
as described by Jordan. The process works as follows. Suppose there is a
sequential pattern to be processed. Initially, the activation values in the context
units are reset to a value midway between the upper and lower bounds of a
processing element's activation value, indicating ambiguous or don't care
states. A pattern is presented to the network's input, forward propagating the
pattern toward the output. At this point, the hidden layer activation levels are
transferred one-for-one to elements in the context layer. If desired, error
backpropagation learning can now take place by adjusting the weights between
output and hidden, hidden and input, and hidden and context layers. The
recurrent connections from the hidden to context layers are not allowed to
change. At the next time step, the network's previous state is encoded by the
activation levels in the context units. Thus, the context layer provides the
network with a continuous memory.
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\X
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Figure 4 .... With the Elman network, a history of the network's most
previous state is stored by transferring the activations in the hidden layer to the
pseudo input, context layer. Longer term memories are attainable by adding
recurrent connections to the context units.

DESCRIPTION OF THE SPACE-TIME NEURAL NETWORK

Another dimension can be added to the processing element shown in
figure 2 by replacing the synaptic weights between two processing elements
with an adaptable-adjustable filter. Instead of a single synaptic weight which
with the standard backpropagation neural network represented the association
between two individual processing elements, there are now several weights
representing not only association, but also temporal dependencies. In this case,
the synaptic weights are the coefficients to adaptable digital filters. The
biological implication of this representation can be seen when one considers
that synapses undergo a refractory period -- responding less readily to
stimulation after a response. Before proceeding with a description of the space-
time network, it is important to introduce digital filter theory and some
nomenclature.

DIGITAL FILTER THEORY REVIEW

Linear difference equations are the basis for the theory of digital filters.
The general difference equation can be expressed as:
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N M
()= Y, bx(n-k)+ ), Gny(n-m)
k=0 m=1 (6)

Where the x and y sequences are the input and output of the filter and a,'s and
by's are the coefficients of the filter. Sometimes referred to as an s-transform,

the well known continuous domain Laplace transform is an extremely powerful
tool in control system design because of its capability to model any combination
of direct current (DC) or static levels, exponential, or sinusoidal signals and to
express those functions algebraically. The s-plane is divided into a damping
component (c) and a harmonic component (j©) and can mathematically be
expressed as

s=e(otja) (7)

This formulation has several interesting characteristics which should be noted:

« The general Laplace transfer function can be thought of as a rubber
sheet on the s-plane. A desirable transfer function is molded by
strategically placing a transfer function's roots of the numerator and the
denominator in their appropriate positions. In this case, polynomial roots
of the numerator are referred to as zeros and "pin" the rubber sheet to the
s-plane’s ground. On the other hand, polynomial roots of the
denominator are referred to as poles and their locations push the rubber
sheet upwards -- much like the poles which hold up the tarpaulin in a
circus tent. Therefore, zeros null out certain undesirable frequencies and
poles can either generate harmonic frequencies (if close enough to the
jo axis) or allow certain frequencies to pass through the filter.

+ Setting the damping coefficient , o, to zero is effectively similar to taking a
cross sectional cut along the jw axis. This is the well known Fourier
transform.

« A pole on the jo axis, signifying no damping, will produce a pure
sinusoidal signal. However, a pole which travels onto the left half plane
of the s-plane exponentially increases, eventually sending the system
into an unstable state.

The discretized form of the Laplace transform has been developed
further and is referred to as the z-transform. The notation z -/ is used to denote a
delay equal to one sampling period. In the s-domain, a delay of T seconds
corresponds to e-*T , Therefore, the two variables s and z are related by:

z-l=¢ T (8)
where T is the sampling period. The mapping between the variables can be
further illustrated by referring to figure 5. First notice that the left half plane of the
s-plane maps to the area inside a unit circle on the z-plane. In abiding with the
Nyquist criterion, sampling at least twice the signal bandwidth, fg, note that as

one traverses from -fg/2 to +f/2 on the s-plane is equivalent to going from =
radians toward 0 radians and back to = radians in a counterclockwise direction
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on the z-plane. Furthermore, note that lines in the s-plane map to spirals in the
z-plane.

A

Z - plane

Figure 5 .... Pictorial relationship between the continuous domain s-plane
and discrete domain z-plane.

By evaluating the z-transform on both sides of the linear difference
equation, we can show that

F(z)=

o (9)

Digital filters are classified into recursive and nonrecursive types. The
nonrecursive type have no feedback or recurrent paths and as such all the a,,
terms are zero. Furthermore, digital filters are also classified in terms of their
impulse responses. Because nonrecursive filters produce a finite number of
responses from a single impulse, such filters are referred to as Finite Impulse
Response (FIR) filters. On the other hand, the recursive filters produce an infinite
number of responses from an impulse and are therefore referred to as Infinite
Impulse Response (lIR) filters. For example, if a unit impulse is clocked through
the filter shown in figure 6(a), the sequence
bg, b1, b2, .ee.. M, 0,0,0,0,0, ...0,0,0

will be output. Notice that the filter produces only the coefficients to the filter
followed by zeroes. However, if a unit impulse is presented to the filter shown in
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figure 6(b), because of the recursive structure, the response is infinite in
duration.

FIR and IIR filters each possess unique characteristics which may make
one more desirable over another depending on the application. To summarize,
the most notable of these characteristics include:

« FIR filters, because of their finite duration are not realizable in the analog
domain. lIR filters, on the other hand, have directly corresponding
components in the analog world such as resistors, capacitors, and
inductive circuits.

« IR filters cannot be designed to have exact linear phase, whereas FIR
fiters have this property.

« Because of their recursive elements, IIR filters are orders of magnitude
more efficient in realizing sharp cutoff filters than FIR filters.

« Because of their nonrecursiveness, FIR filters are guaranteed stable. This
property makes FIR filters much easier to design than FIR filters.

These different properties between FIR and IR filters must be carefully weighed
in selecting the appropriate filter for a particular application.
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Figure 6 .... (a) Digital network for FIR system, (b) Digital network for IIR
system

DESCRIPTION OF THE SPACE-TIME NEURAL NETWORK - CONTINUED

Having introduced digital filter theory, it is now possible to continue with
the description of the space-time neural network. What follows is a detailed
procedure for constructing and training the space-time neural network. As
mentioned earlier, the space-time neural network replaces the weights in the
standard backpropagation algorithm with adaptable digital filters. The
procedure involves the presentation of a temporal ordered set of pairs of input
and output vectors. A network consisting of at least two layers of adaptable
digital filters buffered by summing junctions which accumulate the contributions
from the subsequent layer is required. A pictorial representation of the space-
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time processing element is illustrated in figure 7. In this case, a value, say xj(n),
is clocked in to its associated filter, say Hji(n), producing a response yj(n)
according to the filter representation

M N
yim = Y, amyj®-m)+ X, bxj(n - k)
m=1 k=0 (10)
All remaining inputs are also clocked in and accumulated by the summing

junction i:

Sin) = Y, y(n)
all j (11)
The contributions from the signals fanning in to the summing junction are then
non-linearly transformed by the sigmoid transfer function

T T v esi (12)
This output is then made available to all filter elements connected downstream.
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Figure 7 .... A pictorial representation of the Space-Time processing
element.

It was earlier discussed that the space-time network is comprised of at
least two layers of filter elements fully interconnected and butfered by sigmoid
transfer nodes at the intermediate and output. A sigmoid transfer function is not
used at the input. Forward propagation involves presenting a separate
sequence dependent vector to each input, propagating those signals
throughout the intermediate layers as was described earlier until reaching the
output processing elements. In adjusting the weighting structure to minimize the
error for static networks, such as the standard backpropagation, the solution is
straightforward. However, adjusting the weighting structure in a recurrent
network is more complex because not only must present contributions be
accounted for but contributions from past history must also be considered.
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Therefore, the problem is that of specifying the appropriate error signal at each
time and thereby the appropriate weight adjustment of each coefficient
governing past histories to influence the present set of responses.

t"h b
'

illly
l|||w""u|"||||

il
T

M
!mll'

Figure 8 .... A representation of a fully connected network utilizing Space-
Time processing elements. This depicts a set of input waveform sequences
mapped into an entirely different output waveform sequence.

The procedure for adjusting the weighting structure for the space time
network follows. First compute the errors at the output layer for each processing
element, j,

d; = (Difk) - Ai(k)) P'(Ei(k)) (13)
where:
Di(k) is the kth desired response from a given sequence
for neuron i at the output layer
A(k) is the network's output response at neuron i for the
kth input sequence pattern
P'(E(k)) is the first derivative of the sigmoid function for the

ith output's activation value or P(Ei(k))(1 - P(Ei(k))

Now to compute the updates for the coefficients each filter element between the
hidden and output layer neurons, a reversal procedure is implemented.
Whereas in the forward propagation, input values were clocked into the filter
elements, here, backpropagation instead involves the injection of errors into the
filter elements according to:

Abiji(n + 1) = a[nAbjjn) + (1 - N)6Xiu] (14)
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where:
Abjjin + 1) is the update for a zero coefficient, by, lying
between processing elements jand j
o is the learning rate
Abjj(n) is the most recent update for the kth zero element
between processing elements /jand j
n damps most recent updates
S; is described by (13)
Xije contain a history of the activation values for the

non-recursive filter elements between neurons i
and j, k time steps ago

The recursive components in each filter element are treated the same way and
are updated according to:

Abijn + 1) = afnAaij(n) + (1 - N)5Y ] (15)
where:

dajin + 1) is the update for a zero coefficient, by, lying
between processing elements jand j

o is the learning rate

Aayj(n) is the most recent update for the kth zero element
between processing elements jand j

n damps most recent updates

S; is described by (13)

Yije contain a history of the activation values for the

non-recursive filter elements between neurons i
and j, k time steps ago

For implementation purposes, the present algorithm only considers the
accumulation of errors which span the length of the number of zeroes, nzxo,
between the hidden and output neurons.

RZho
6‘1‘ = P ‘(E"k)z 5ijj,-k
k=0 J (16)
where: o
i is the index of the hidden neuron
J ranges over the neuron indices for the output layer
Oni is the accumulated error for the ith neuron in the
hidden layer
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P '(Ai) is the first derivative of the sigmoid function for the
kth history of activation levels for the ith neuron in
the hidden layer ,
2 5K jir
J sums the results of injecting the previously

computed errors found in equation (13) through

the FIR portion of the filter element, Xﬁk, found
between the ith neuron in the hidden layer and the
jth neuron in the output layer.

Simulations

The first simulation is a variation of the classic XOR problem. The XOR is
of interest because it cannot be computed by a simple two-layer network.
Ordinarily, the XOR problem is presented as a two bit input combination of (00,
01, 10, 11) producing the output (0, 1, 1, 0).

This problem can be converted into the temporal domain in the following
way. The first bit in a sequence XOR'd with the second bit will produce the
second bit in an output sequence, the second bit XOR'd with the third will

produce the third in an output sequence, and so on.

nput 1 0 101000 0 1 1 oorecorrnrerenes
Output 0 1 1111000 10 .orrnnen.

In the simulation, the training data consisted of 100 randomly generated
inputs and the outputs constructed in the manner described above. A network
was constructed which had 1 input, 6 hidden elements, 1 output unit, 5 zero
coefficients and 0 pole coefficients in the input to hidden layer, and 5 zero
coefficients and 0 pole coefficients in the hidden to output layer. The task of the
network was to determine the appropriate output based on the input stream.
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Figure 9 .... Error curve for the temporal XOR problem trained on a 1 input, 5
hidden, 1 output, 5 zeros and 0 poles in input to hidden layer, and 5 zeros and 0
poles in the hidden to output layer.

For the second simulation, a network with 2 input units, 8 hidden units, 8
output units, 5 zeros - 0 poles between input to hidden, and 5 zeros - 0 poles
between hidden to output was constructed. One of the authors (Shelton)
constructed a problem, called the Time Dependent Associative Memory Test,
which would test the network's ability to remember the number of events since
the last trigger pattern was presented. The data consisted of 1000 input output
pairs where the input bits were randomly constructed and the output
appropriately constructed. As an example, consider the first 7 sets of data in the
list. Note that a "1" bit sequentially gets added to the output for the input patterns
00,10,10,00,10,and0 1 until the 1 1 pattern is presented which resets the

output back to the 1000 0 0 0 O state.
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Input Output
00 11000000
10 11100000
10 11110000
00 11111000
10 11111100
01 11111110
11 10000000
10 11000000
10 11100000
11 10000000
10 11000000
01 11100000
11 10000000
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Figure 10 .... Error curve for a 2 input, 8 hidden, 8 output, 5 zero - 0 pole
between input to hidden, and 5 zero - 0 pole between hidden to output network
operating on the
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ABSTRACT

Fuzzy logic can be used advantageously in autonomous orbital operations that require the capability
of handling imprecise measurements from sensors. Several applications are underway at the
Software Technology Laboratory, NASA/Johnson Space Center to investigate fuzzy logic
approaches and develop guidance and control algorithms for autonomous orbital operations.
Translational as well as rotational control of a spacecraft have been demonstrated using space
shuttle simulations. An approach to a camera tracking system has been developed to support
proximity operations and traffic management around the Space Station Freedom. Pattern
recognition and object identification algorithms currently under development will become part of
this camera system at an appropriate level in the future. A concept to control environment and life
support systems for large Lunar based crew quarters is also under development. Investigations in
the area of reinforcement learning, utilizing neural networks, combined with a fuzzy logic
controller are planned as a joint project with Ames Research Center.

1.0 INTRODUCTION

The current activities of the Software Technology Branch of the Information Technology Division
at the NASA Lyndon B. Johnson Space Center are directed towards the development of fuzzy
logic [1,2] software capabilities for building expert systems. In particular, the ethphasis has been
on developing intelligent control systems for space vehicles and robotics. The problem of sensor
data monitoring and control of data processing, which includes detection of potential failures in the
system and in some cases reconfiguration, is also under investigation. Results of performance tests
made on simulated operational scenarios have been very promising. The issues of when, why,
and how hardware implementation can be beneficial are also being studied carefully.

There are certain key technology utilization questions to be answered relative to the use of fuzzy
logic control over conventional control.

1) Is it possible to create control systems which do not require a high degree of redesign
when system configurations change or operating environments differ?

In other words, can adaptivity be achieved through the use of a fuzzy logic based controller in
place of a conventional controller ? Experience with the conventional controller development tells
us that a typical conventional controller requires significant redesign when there are changes in a)
system characteristics, b) system configuration, or c) the environment in which the system is
operating.

2) Can a fuzzy controller be used as a high level controller to function in conjunction with
classical controllers in a way the human would ?
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Specifically, can it be designed to monitor the system, evaluate its performance, and either suggest
or force changes to make the system work properly or at least function more efficiently ? A high
level controller typically works with abstract parameters which are derived, but not directly
measured. It also commands parameters which are not direct controls. There are additional steps
between the controller and sensing as well as commanding sides. Such controllers are grouped as
intelligent controllers [3] and are not included in the conventional PID controllers group because
these controllers perform additional tasks that provide capabilities for self governing or regulation
as well as fault tolerance.

3) How easy or difficult is it to design and implement a fuzzy rule base that will control a
complex system as opposed to developing a classical control system to do the same problem ?

Fuzzy logic based controllers will be valuable in systems that are highly non-linear and having
complex environments that are practically impossible to model. Fuzzy controllers work for a linear
system also but probably have less justification in this case, unless the problem is best thought of
in a rule-based framework. The Japanese researchers and engineers have demonstrated [4,5,6] the
usefulness of fuzzy controllers in the last few years with some impressive applications from a
engineering viewpoint, such as the Sendai train controller [7], the air conditioning control system,
the camera autofocusing system [8], the gas cooling plant controller [9], the television auto contrast
and brightness control, the applications to automobile transmission and braking control, and
applications to control of jitter in camera imaging which requires the distinguishing between real
motion in the image which is desired and motion of the camera which needs to be filtered out.

4) A particular question of interest to NASA is : where can hardware implementations be
utilized advantageously and how easy or difficult is it to transfer fuzzy rule bases to hardware?

In many cases, hardware will be able to take much of the computational burden off the central
computing system. Fuzzy processors that perform fuzzy operations and execute fuzzy rulebases
have emerged in the computer market [10,11,12,13] and are expected to gain widespread support
for inline control of devices. Analog [14,15] as well as digital fuzzy processors are available and
can be tailored to specific applications for optimum performance. Space operations can benefit
greatly if the speed and power of these fuzzy processors can be utilized to achieve autonomy.

In section 2, a typical mission scenario for autonomous orbital operations is described with
activities and tasks involved in carrying out some important steps. The role of fuzzy logic in these
operations is discussed in section 3. A short summary of applications of fuzzy logic achieved thus
far accomplished in the Software Technology Laboratory is provided in section 4. Current
activities that utilize fuzzy logic in orbital operations, future activities, and a summary of our
approach are provided in sections 5, 6 and 7 respectively.

2.0 AUTONOMOUS ORBITAL OPERATIONS

A typical rendezvous mission scenario as shown in fig. 1 for satellite servicing [16] requires orbit
transfers, rendezvous planning, phasing maneuvers, and guidance and targeting for proximity
operations. These tasks are necessarily required to approach and capture a satellite for repair or
maintenance or to return it to a space station or the Earth. Repair and maintenance of satellites also
requires control of robotic manipulator arms if such repairs are to be performed at the satellite
location as opposed to returning it to a permanently manned orbital facility or the Earth. Sometimes
a satellite may require only an inspection to determine if there are any problems. In this case, only
station keeping or fly-around maneuverers are necessary.

In the prdblem of rendezvous of two space vehicles it is typically assumed that the target vehicle

can maintain a stable orbit during the time required for the rendezvous to take place. Ideally, it will
also have a stable attitude (although for vehicles in distress this may not be possible). For severely
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distressed vehicles, the actual orbit may also be affected. In either case, the problem of rendezvous
and capture may be necessary.

The target vehicle will be assumed to be at the origin of a coordinate system, known as the local
vertical local horizontal (LVLH), where positive z is directed from the target to the center of the
earth (or, in general to the center of whatever body it is orbiting), positive y is along the negative of
the angular momentum vector and positive x completes the right handed coordinate system, as
shown in fig. 2. The chasing vehicle will be the only vehicle assumed to be able to intentionally
modify its trajectory and attitude in this relative coordinate system. The performance of the tasks
above require trajectory control of the active vehicle relative to the target vehicle, including not only
relative positions of the two vehicles, but also the attitude of the active vehicle.

Among the rendezvous mission tasks, mission planning based on mission goals and constraints is
at the highest level. For example, a scenario for the capture of a satellite will incorporate time
requirements, fuel constraints, and lighting and communications requiréments based on the best
assessment of the current and projected situation. The system will have to be intelligent enough to
continually evaluate the status of the rendezvous and learn to adapt to unexpected occurrences
through contingency planning or real time tuning of control algorithms. Such a system will require
many inputs from a variety of independent sources, i.e. ranging and visual sensors, navigation
systems, object recognition systems, human inputs from ground based or space based stations, on-
board planning systems, diagnostic systems that report on the health of various systems including
individual sensors, and redundancy management systems. Some specific problems are tracking of
moving objects with sensors such as cameras, radar, lasers, or star trackers. In the event of
multiple objects in the vicinity of the desired target vehicle, it must be possible to recognize the
proper one, and for final approach to the vehicle it will be necessary to recognize objects on the
target vehicle such as docking ports or grapple fixtures.

The next important task is trajectory control, especially the control of relative position with respect
to the target vehicle. This must be performed during the entire time of the rendezvous. In some
segments, control has to be very precise, while in other segments, the accuracy requirements are a
bit relaxed. Trajectory control requires a continuous knowledge of current state which is typically
derived from several sensor measurements. It also requires the information regarding a desired
state typically provided by the guidance systems. It should be noted that the information required
for the trajectory control is continuously changing with time and is highly dependent on the
accuracy of sensor measurements.

Similarly, attitude control is required throughout the mission. A robust attitude control system
enhances trajectory control because the execution of desired delta-V is much more accurate. Poor
attitude control can definitely result in a mission failure. It should be noted that rotational control
has to be very precise during the final approach and docking segments because coupling between
rotational changes and the relative distances is significantly high. Again, note that the knowledge
regarding current as well as the desired attitude is required and this information changes with time.

Both of the above tasks require processing of sensor data and its synthesis. All measurements must
be accurately interpreted and action must be taken accordingly. Since several sensors are used,
proper data fusion must be performed and each measurement must be used in its proper context.
Otherwise, the probability of mission failure increases very significantly. This data fusion task
necessarily includes the monitoring task that must be continuously performed and any deviations
from the planned trajectory must be reported immediately.

Once the chaser spacecraft gets close to the target, its approach to the docking port must be
carefully maintained with tight control of its translational as well as rotational state. The controller
must be very precise and must have a fine tuning capability. At the end of the approach task it must
initiate docking and rigidizing procedures, which will use a completely different set of sensors.
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There must be some provision for a recovery procedure in case of a docking failure. When the
crew performs these functions, they interpret the measurements according to their training and take
action according to the procedures developed in a simulator. These procedures typically include
contingency steps in case a docking failure occurs. The autonomous vehicle must have the same
capability for mission success.

The vehicle must prepare for return to base with or without the payload. These preparations could
be very lengthy or very short depending on what procedure the crew decides to use and how their
sequence of actions is organized. In any event, thinking like the crew will definitely help solve the
problem of increasing autonomy in rendezvous operations.

3.0 ROLE OF FUZZY LOGIC IN AUTONOMY

- Fuzzy logic will be useful in the proper interpretation of measurements from sensors that are
always corrupted by noise and bias. The accuracy of sensors represent a challenge that is not
always surmountable. A fuzzy logic framework [1,2] can easily handle imprecise measurements,
thus helping the integration process. Also systems may perform incorrectly or at least unexpectedly
anomalous for a short time. It is necessary to determine this type of behavior and correctly resolve
the situation. Processing of uncertain information using common sense rules and natural language
statements is possible in this fuzzy logic framework.

The utilization of sensor data in engineering control systems involves several tasks that historically
are done by a man in the decision loop. These include cursory monitoring of data to determine if it
should be processed and/or monitoring the output of the system to determine whether the system is
performing as expected. All such tasks must be performed based on evaluations of the data
according to a set of rules that the human expert has learned, usually from experience. Often, if not
most of the time, these rules are not crisp, i.e., there must be some common sense or judgmental
type decisions made. Such problems can be addressed by a fuzzy set modelling approach and if
one properly can make decisions as well as the expert.

The fuzzy logic approach is simple to understand and easy to implement as a software module.
Fuzzy rules provide a framework to implement the human thinking process i.e. the rules reflect the
human thought process, such as " If the object is Far_Left then rotate the camera to the left side "
The entire rule base for the controller can be derived in the form of natural language statements as if
a human was performing the controlling task. The experiential knowledge of a human controller,
the crew in case of space vehicles, can be easily embedded in the software.

Fuzzy logic based controllers can be implemented in several ways as shown in fig. 3. In a strict
sense these can be implemented as single controllers with well defined input and output
parameters. They can also be implemented as feed forward controllers in conjunction with
conventional controllers such that the desired state-value can be altered to provide an appropriate
correction. The final command for the process is generated by the conventional controller. An
alternative is to implement the fuzzy controller as a tuning system [17] in such a way that the
parameters of a PID controller are tuned to better control the process and achieve efficiency. Thus,
fuzzy logic controllers offer flexibility and adaptability for the process environment.

Implementation of fuzzy membership functions, rules and related processing is made easy by tools
like the TIL Shell [18,19] which has a graphics oriented user interface and fuzzy-C compilers [20]
that can generate code for a fuzzy chip or the C code to integrate with other software modules.
There are several commercial products available in the industry that allow easy implementation of
knowledge base, rulebase and user interfaces. For autonomous operations, it is easier and useful
to implement control decisions through knowledge bases and rules so that the heuristics and related
experiential knowledge can be used for a particular situation.

86

LA09 SN



Fuzzy Controller

EV commands
SV Fuzzy —————  Process -
Controller
PV
Fuzzy Feed-Forward Controller
__,| Fuzzy @» Controller |—»{ Process -
sy | Controller T EV MV PV
Fuzzy Auto-Tuning System
— -
Fuzzy Inference
— et —
Tuning *Commands
_ | .| PID Controller »|  Process -
SV EV MV PV

Fig. 3 Fuzzy Logic based Controllers in various configuration

87

C-2

1,A09D 'S



It is also possible to develop and implement a fuzzy controller in a fuzzy processor, thus, having a
fuzzy hardware controller. There are several commercial fuzzy processors [10,11,12,13,14,15]
that can process over 30,000 fuzzy rules per second and thus provide a high processing power.
These fuzzy processors consume low power with a capability to process general purpose
instructions and can be mounted in the back plane of a sensor, for example, a camera. These
processors also provide interfaces to hardware as well as the main computer to transfer information
and commands. The advanced sensor systems envisioned for space station operations will have
such processors embedded as an integral part of the system. Thus, a distributed processing
onboard the spacecraft is possible via fuzzy chips.

A camera tracking system [21] described in section 4.4 can be a dedicated sensor with built-in
intelligence and speed to perform functions which will normally be performed by the onboard
computers. Because of the dedicated nature of a fuzzy chip and its processing power, there is
virtually no computational load to the Space Station Freedom (SSF) computers. As a result, the
computers will be available for other computing requirements such as complex guidance and
navigation schemes. Furthermore, the interfaces between the fuzzy chip and computers will be at a
command level requiring reasonably low speed data transfer. There will be no need for a high rate
data transfer which could possibly increase costs and decrease reliability.

A significant application of fuzzy logic is in an advisory role in health monitoring and internal
reconfiguration of spacecraft subsystems. These processes require a capability to handle uncertain
measurements, estimate possibilities of failures and quickly rearrange flow so that autonomous
operations are not stopped. Techniques have been developed to update the rule base using
reinforcement learning in a given environment and adjust the response or behavior of a controller.
These are very important for achieving operational efficiency in space operations.

4.0 PAST ACCOMPLISHMENTS AT JSC

~ There have been several applications of fuzzy logic to orbital operations at JSC. Sensor data
processing control for star tracker navigation evolved during 1985-86 [22,23,24,25,26] and was
successfully utilized to analyze space shuttle rendezvous flight data and check the validity of the
algorithms. Translational control of a spacecraft based on fuzzy rules [27,28] was developed
during 1987-88 and demonstrated [29] during the International Fuzzy Systems Association (IFSA)
video teleconference IFSA88 at Iizuka, Japan in 1988. Rotational control of spacecraft attitude has
been developed [30] using the phase plane approach and was demonstrated at IFSA89 conference
[31] in Seattle, Wa. in 1989. A fuzzy logic based concept for a camera tracking system has been
developed and was reported at the 8th International Congress of Cybernetics and Systems in June
1990 [21]. These applications are described in a short summary in this section.

4.1 Sensor Data Processing

In space shuttle rendezvous operations, the star tracker is used to give angle measurements for
tracking rendezvous targets when the sun-target-shuttle geometry is such that the target is reflecting
light towards the shuttle star tracker and when radar data is not available. When attempting to track
a target with the star tracker, a star or debris such as ice crystals (caused by shuttle venting or jet
firings) may be acquired. Loss of lock on the true target and acquisition of a false target is
possible, especially if the target is dim due to attitude or range, or if the target was tumbling. If a
bright false object crosses the target Line Of Sight (LOS) the star tracker might follow the brighter
object. From experience, using simulated data, we know the shuttle rendezvous filter processes
data under these conditions for a long enough time that the state vector is destroyed.

Under current operational conditions, to guard against any of these problems, a crewman monitors
the acquired signal for acceptability prior to allowing the data to be processed, and he monitors the

88

LACD SN



residuals during data processing to insure that no unusual problems occur. To determine
acceptability for processing, the shuttle crewman follows the rule [25].

If the residual is less than the expected error as determined in pre-mission studies,
and the change in residuals is less than 0.05 degrees for five consecutive
measurements, then allow the filter to process data.

This rule contains deterministic conditions that are actually fuzzy in nature and have been
interpreted as fuzzy by the crew at times during actual operations.The general problem considered
here is to model the crewman's reasoning and common sense thought process in deciding whether
the sensor data is acceptable for use in updating the shuttle-target relative state vector. This
involves pre-editing and screening the data, and weighting the relative state vector update.

The Kalman filter editor, as it is designed for the shuttle rendezvous navigation system compares
the residual magnitude against a multiple of the expected variance in the residual as derived from
the current covariance matrix and the expected sensor error model. Data for which the residual is
less than or equal to the expected error is incorporated into the filter state, and data for which the
residual exceeds the expected error is not processed by the filter but is displayed to the crew for use
in decision processes.

The filter and editor have performed satisfactorily on all rendezvous flights thus far. However, it
has been considered essential that the crew be involved in the operations or else erroneous data
such as obtained from lock on to stars and debris can be processed by the filter thus corrupting the
filter state and necessitating a filter restart. With the current editor design it is not possible to protect

against this since a star or debris may be very close to the target LOS.

The crew pre-editing function is to ensure that the true target is acquired prior to data processing. If
the object acquired is the true target the residual should be less than the expected error, but more
importantly it should stay almost constant. The only variation should be from noise in the sensor
and small errors due to propagation of the shuttle and target states. Residual change less than 0.05
degrees is a conservative requirement consistent with the noise and bias in the star tracker.

Star tracker data is useful in maintaining a good relative state vector, but since it gives no range
information directly, the state vector is easily corrupted by erroneous data. To guard against
processing erroneous data two things were done. First, the pre-editing rule was restated using
fuzzy sets which seemed more appropriate than a crisp statement in terms of ordinary Boolean
logic. The fuzzy variation of the rule [25] reads as follows.

If the measurement residual is small with respect to that expected value as
determined from pre-mission studies and the residual change is small with respect
to expected propagation errors and noise in the sensor for several consecutive
measurements then allow the Kalman filter to process data.

Secondly, in order that the measurements be processed in a way consistent with common sense
reasoning the decision function for processing data was modeled as a fuzzy set to be used for
weighting updates to the state vector. By doing this it is assured that measurements that are close
together will be processed similarly. For example, a measurement that slightly passes the residual
edit criterion and one that barely fails will be processed similarly, i.e. the one that slightly passes
will be allowed to only slightly contribute to the state vector update.

The fuzzy editing criterion was implemented into a simulation version of the shuttle on-board

software. Real mission data was processed through this simulation and inputs to the filter were
controlled by the fuzzy decision making process defined by the rule rather than the crew and the
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current filter editor. The data from this simulation was compared to the results that were obtained
during actual missions under ideal conditions as determined by the crew.

For non-nominal flight data collected from the Solar Maximum Mission (SMM) where an Inertial
Measurement Unit (IMU) problem caused apparent errors in the star tracker measurements that
exceeded the expected error by a factor of about fifty [26], the performance of the fuzzy editing
scheme did not differ significantly from the current on-board system with the crew performing
their normal pre-editing and monitoring functions. The problem, although actually caused by the
redundancy management function, had the net result of an extremely large random bias. This data
also had measurements from lock on to stars at the beginning of each star tracker interval. Instead
of simulating a break track that would normally be done, it was decided to process the star data in
order to test the weighting functions ability to handle problem measurements. As the following
data, tabulated in table I, indicates the erroneous data caused no problems [25].

TABLE I. FLIGHT 41 -C IMU SWITCHING ERRORS
(AS COMPARED TO THE ONBOARD SOLUTION)
AFTER PROCESSING 20 MINUTES OF STAR TRACKER DATA

RANGE RANGE RATE

Nominal Filter (No Star Protection) -13600 -0.5
Fuzzy Editor (Editing whenp A r = 0) 300 . 031
Fuzzy Editor (Editing when p * r < 0.25) 1320 -0.15
Fuzzy Editor (Editing when p * r < 0.5) 1150 -0.11

The state vector obtained using the fuzzy logic process and the state vector obtained from the actual
flight data were then propagated for approximately one hour until radar data was obtained and the
two results compared to the radar data to evaluate the filter's performance with the fuzzy editing
and weighting rule against the system performance with man in the loop. For this test the p Ar edit
level was set to 0.0. The range and range rate estimates from the onboard navigation system and
the system with fuzzy editing and weighting are then compared to the range and range rate
measurements from the radar. The deviations from the radar measurements for the two systems are
approximately the same. For a radar range of 102695 feet, the range deviations for fuzzy and
onboard filters are 1965 and 1835 feet respectively [25]. This fuzzy editing and process control
application has thus given very satisfactory results, comparable to that achieved by the crew in the
operational system. ,

4.2 Translational Control of a Spacecraft

Fuzzy sets have been used in developing a trajectory controller for spacecraft applications in
proximity operations profiles [27,28]. An automated vehicle controller that interprets the sensor
measurements in a manner similar to a human expert has been modeled using fuzzy sets. The
control rules were derived from the thinking process used by pilots and were implemented using
typical n— and s-functions (fig. 4) that can be adjusted for varying degree of fuzziness.
Membership function definitions including universe of discourse were based on the targeting
equations and control strategy for LOS approach [32]. The control strategy heavily used the

experience base for manual operations.
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Typical rules used for rendezvous vehicle control and modeled with fuzzy sets are the following :

If the rendezvous vehicle's orientation with respect to a desired pointing vector to
the target vehicle is close to the required orientation then no action is necessary.

If the orientation significantly deviates from the required, then, take appropriate
action to correct the problem.

Both in plane and out of plane positions and rates, and range and range rate must be controlled.
Fuzzy sets are defined for "somewhat greater than", "somewhat less than" and "approximately
equal to" the desired closing rate. They are also defined for "high", "low" and "near” with respect
to the desired position (see fig. 4). During some time interval (every two seconds for the Shuttle)
the fuzzy sets are evaluated and a determination is made as to whether an action needs to be taken
to restore a rate or position to its desired value. If the no change function, such as "approximately
equal to" or "near" the desired value, is larger than the corresponding change function, such as
"somewhat greater than" or "low" with respect to the desired, then no action is taken. Otherwise an
appropriate action is taken to restore the rate or position to the desired. The appropriate action is
determined from an estimated action A(u), where u is the current value of the state, required to
restore the active vehicle to the desired position from some maximum deviation. This action A(u) is
then weighted by the change function S(u), and an action S(u)*A(u) is commanded to the system
under control. Furthermore, there are no extreme accuracy requirements for the function A(u). For
example, referring to fig. 4, if u is the current value of x, then, n(u1)>S(u1) and no action is

taken. On the other hand, if uy is the current value of x, then S(u2)>1t(u2) and an action
S(uz)*A(uz) is commanded. More than one action can be commanded at a time so long as a
constraint of the system under control is not violated.

The fuzzy controller has been implemented into a multi-vehicle dynamical simulator known as the
Orbital Operations Simulator (OOS) [33], complete with all environment and sensor models. A
small part of this control simulation was demonstrated via tele-video links [29], to the IFSA88
Workshop that was held in lizuka, Fukuoka, Japan in August 1988. In thi$ simulation, the
automated fuzzy controller was used to control the closing rates and relative positions of the shuttle
with respect to the SMM satellite. According to the test scenario, the fuzzy controller was required
to perform operations including approach to target, fly around and stationkeeping.

Many different scenarios have been run with this automated fuzzy controller to evaluate the
performance with respect to flight profiles and delta-V requirements, which is a direct measure of
the performance. Comparisons of delta-V requirements for a man-in-the-loop versus the automated
controller have shown [27] that the automated controller always uses less delta-V. For a test case
involving stationkeeping at 150 feet for 30 minutes, the automated controller required 0.1 ft/sec
delta-V whereas 0.54 ft/sec was used in the man-in-the-loop simulation. For v-bar approach from
500 feet to 40 feet within a 25 minute time interval, the automated controller used £12 ft/sec vs.
2.99 fi/sec for the man-in-the-loop simulation.

4.3 Rotational Control of Spacecraft

To complement this translational control, it was decided to implement rotational control via fuzzy
membership functions and the rules based on the conventional phase plane. It was obvious that
such an implementation would provide a direct performance comparison with the conventional
control system, thus leading to further insight into understanding the relative merits of fuzzy
control systems. Furthermore, an integrated six Degree Of Freedom (DOF) controller can be
developed by combining these two control systems.
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The rotational control system has been developed on a 386 computer using the fuzzy-C compiler
and related software. The 'Phase_Plane' package that contains the membership functions and rules
has been implemented in a file called Phase.til [30]. The angle and rate errors, PHI and PHI_DOT,
are inputs and the torque is the output for this rotational controller. The input variables have seven
membership functions defined over the universe of discourse as shown in fig. 5. The output
variable torque has five membership functions as shown in fig. 6. There are 25 rules defined for
reducing the PHI and PHI_DOT errors to within their zero (ZO) range (see Table II). These rules
are based on the phase plane construct used in the attitude control system.

Table II. Rule base for attitude controller

phi
phi_dot | NB NM NS ZO PS PM PB

NB PM PM PS
NM PM PM PS
NS PS PS PS
Z0 PS PS ZO ZO ZO NS NS

PS NS NS NS
PM NS NM NM
PB . NS NM NM

Single axis rotational equations were implemented for the pitch axis of the shuttle. The pitch
moment of inertia and the positive and negative pitch torques provided by jets were used in this
simple simulation to test the fuzzy controller rules. The shuttle jets provide a larger acceleration for
positive pitch as compared to the negative pitch. The simulation was set up to provide a constant
torque during a cycle time of 80 milliseconds. The pitch attitude and the rate are propagated at this
cycle time. When the fuzzy controller asks for a torque greater than 0.5, the constant torque is
provided in that direction, otherwise no torque is provided. This simulates the jet-on and off
activity at the appropriate time. The fuzzy controller is called at every cycle to evaluate all rules and
output the desired torque. Based on this torque the jet is turned on and the rate and angle are
propagated. With new values of angle and rate, the angle error and rate error are computed for the
next cycle input. Time is also advanced every cycle. Time histories of angle and rate, and the phase
plane plot are created for analysis.

Testing for the pitch axis so far has shown very satisfactory results. With several starting states,
i.e., initial angle and rate, the system has converged on the commanded value, and manifested a
relatively smooth limit cycle around the deadband. The control system response in all cases has
been as expected, including overshoot behavior in cases where initial rate error is very large. Tests
were performed with some rules turned off or deactivated to observe the performance with a
limited rulebase. The objective was to reduce the number of rules to a minimum.

Performance of the fuzzy controller with 25 rules was more than adequate for a single axis, and
gave us confidence to expand it to three axes case. The phase plane module in the Shuttle Digital
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Fig. 5 MEMBERSHIP FUNCTIONS FOR PHI AND PHIDOT
MIN MAX
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5 -4 -3 2 1 0 1 2 3 4 5

Fig. 6 MEMBERSHIP FUNCTIONS FOR ROTATIONAL ACCELERATION
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Auto Pilot (DAP) was replaced by this controller with all other interfaces unchanged. The
integration process was completed with only minor modifications to the interfaces. The simulation
testing included three axes attitude hold and single axis maneuvers. In a three axes attitude hold
case, the fuzzy logic based controller used only 30 % of the fuel used by the DAP. For the case of
attitude maneuvers, the fuzzy controller used around 60 % of the fuel used by the DAP. In both
cases, the fuzzy controller has shown comparable performance for maintaining attitude and body
rates. Detailed testing and analysis is planned to include other maneuver modes and different
parameters sets.

4.4 Camera Tracking Control System

Advanced sensor systems with intelligence and a distributed nature will be required for activities
like proximity operations and traffic control around the SSF. There will be several sensors of
different types providing various measurements simultaneously as input for processing to such a
system. Conceptual development of such a system [21] where several cameras, laser range finders

and radar can be used as independent components is in progress within the STL at JSC. The first

phase of this development is the camera tracking system based on the fuzzy logic approach that
utilizes the object's pixel position as inputs and controls the gimbal drives to keep the object in the
Field Of View (FOV) of the camera as shown in fig. 7.

Tracking of an object means aligning the pointing axis of a camera along the object's LOS. The
monitoring camera is typically mounted on the pan and tilt gimble drives which are capable of
rotating the pointing axis within a certain range. The task of the tracking controller is to command
these gimble drives so that the pointing axis of the camera is along the LOS vector which is
estimated from the measurements.

For the fuzzy logic based tracking controller, the inputs are range and LOS vector, and the outputs
are the commanded pan and tilt rates. The LOS vector is input in terms of pixel position in the
camera FOV. When an image is received, it is processed to determine the location of the object in
the camera frame which has the vertical, horizontal and pointing vectors as three axes. Usually an
image, particularly for complex objects, spans many pixels. Using a suitable technique, the
centroid of the image is computed and used as the current location of the object in the viewing
plane. This plane is a Cartesian coordinate plane having vertical and horizontal axes. The size of
the viewing plane is 170 x 170 pixels, and the origin is at the upper left corner as shown in fig. 7.
The range of the object is received from the laser range finder as a measurement. These three

parameter values are input to the controller.

Membership functions for the range, horizontal and vertical positions are shown in fig. 8 and the
membership functions for the Scale_Factor, Pan and Tilt rates are shown in fig. 9. For simplicity,
these functions are triangular shaped over the universe of discourse. The scale_factor parameter is
used as an intermediate step and provides the desired flexibility of changing the responsiveness of
the fuzzy controller.

The desired image location is the center of the viewing plane, which is at (85,85). If the current
location is close to the center, then rotation of the pointing axis is not required. If the location is to
the left of center then a left rotation is necessary. Similarly, if the image is down from the
horizontal line then a downward rotation is required. These rotations are determined using the
position and range measurements and the rule base shown in Table III. First the range
measurement is fuzzified and the value of the scale factor is determined based on the scale_factor
rules. Necessary defuzzification processing is performed to compute the crisp value of the scale
factor. Then, the scale factor and the position measurements are provided to the next set of rules to
determine the rate at which the gimble drives should be rotated. There are 30 rules that determine
both, pan and tilt rates. Again, the necessary defuzzification processing is performed to compute
the crisp values of the pan and tilt rates which can be sent to the gimble drives as command values.
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RANGE PARAMETER

VFAR FAR NEAR VNEAR PROX

200 185 175 150 135 115 100 8 65 SO 20 10 O

HORIZONTAL POSITION
FL IL CENTER

53 73 85 97 116 128 140 150 170

VERTICAL POSITION
FU LU CENTER LD

85 97 116 128 140 150 170

Fig. 8 Membership Functions for Input parameters
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SCALE_FACTOR

HIGH MEDIUM LOwW
11 9 7 6 5 3 1
PAN AND TILT RATES
FN SN ZR SP FP
0.0 30 5.0 6.0

Fig. 9 Membership functions for Scale_Factor and
Output parameters for camera tracking system
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Table III. Rule base for the tracking task

Distance Membership Functions
VFAR FAR NEAR VNEAR PROX

Scale_Factor LOW | LOW |MED HIGH } HIGH

Honzontal Position Membership functions
FL LI. CENTER IR FR
LOW EN SN ZR SP FP
Scale_Factor MED| SN SN ZR SP SP
HIGH| SN ZR ZR ZR Sp
Pan_Rate Membership Functions

Vertical Position Membership Functions
FD LD CENTER LU FU
LOW| FP SP ZR SN FN
Scale_Factor MED| SP SPp ZR SN SN
HIGH| SP ZR ZR ZR SN
Tilt_Rate Membership Functions

Note - Negative Tilt_rate means the pointing axis going upward in FOV
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The camera is rotated based on these commands within the limits of its gimble rates and angles.
New LOS measurements in the camera FOV are obtained for the next cycle and the processing is
repeated. The cycle time is based on the processing time required for the following functions : 1)
determining pixel positions, 2) obtaining a range measurement, 3) rotating the gimble drives at a
desired rate, and 4) the requirements to track the object within a certain performance envelope.
Typical cycle time ranges between 0.1 to 1.0 second.

There are several advantages of our approach that utilizes fuzzy logic in a camera tracking system.
This system will be a low power sensor as compared to an active sensor e.g. Radar in the Ku band
range, or LADAR using laser frequency. Typically, the active sensor radiates a power pulse
towards a target and receives back a reflected pulse. Based on the power transmitted, power
received and time between these pulses, parameters like range and range rates are calculated. Since
the camera tracking system will not be radiating power, it will be a low power sensor in
comparison with active sensors. Since there is already a shortage of power, an important
consumable, onboard the SSF, availability of low power sensors is very important for continuous
operations. The SSF can afford to keep this type of a sensor working around the clock without
having much impact on the power management or other computational load on the main computers.

5.0 CURRENT ACTIVITIES

In this section, we describe the current ongoing activities in the STL in the area of fuzzy logic
research. A complete 6 DOF controller is created by combining the translational and rotational
controllers. Our integration approach and testing philosophy is described in section 5.1. Our plans
for software and hardware testing for the camera tracking system are described in section 5.2.
Activity in the area of motion control for Mars rover during sample collection process is described
in section 5.3 along with some preliminary results.

5.1 Combined Translational and Rotational Control for Relative Orientation and Distances

The integration approach adopted for combining translational and rotational control systems is
simple, straight forward and involves extensive testing [31]. The first step is to implement the
previously defined translational rules in the same format using our development environment. This
will provide commonality between the code and allow an opportunity for stand-alone testing and
optimization of translational rules. The second step is to generate the proper code for the SUN
workstation using the fuzzy-C compiler (with appropriate options) and transfer it to the
workstation. This step is required only because the development environment is on the 386
computer and the high fidelity simulation is on a SUN workstation. Since the fuzzy-C compiler
and associated development environment is portable, there is a plan to develop fuzzy controllers on
the SUN workstation and avoid the code transfer. The third step is to develop the test plan that
will test all aspects of the 6 DOF controller. The final step is to perform testing and compare the
results with the conventional system.

NASA's O0S [33] will be used for testing the 6 DOF controller. It is a high fidelity, multivehicle
spacecraft operations simulation that provides 6 DOF equations of motion within an orbital
environment including aerodynamic drag. It can be used for engineering analysis as well as real-
time operations demonstrations. It provides a framework to integrate and test expert systems and
hardware with the software modules commonly known as the onboard flight software. The OOS
(fig. 10) executive also provides external interfaces to graphics and expert systems.

The translational fuzzy control system [27] will be used by the autosequencer to generate proper
hand controller commands so that the desired range and range rate are maintained during proximity
operations. Typically, a shuttle pilot provides these input and controls the relative trajectory. Thus
the autosequencer will simulate the crew input via the translational fuzzy control system. The
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automatic attitude control system of the shuttle called onorbit DAP is implemented in OOS for
shuttle on-orbit operations. The rotational fuzzy control system created by replacing the phase
plane module will generate commands for jet-select to fire jets for attitude control. Existing
interfaces with the Phase Plane module will be maintained intact for the overall integrity of the
system. When both fuzzy control systems are used together, it will provide a total 6 DOF controller
for proximity operations.

A preliminary test plan has been put together to test the 6 DOF controller. It includes test cases for
stationkeeping with a fixed attitude, stationkeeping with attitude changes, LOS approach on V-bar,
LOS approach on R-bar, fly around at a constant distance with constant relative attitude, and final
approach for docking. Details of these test cases such as initial conditions, commanded attitude
maneuvers, etc. are being defined to finalize the test plan.

5.2 Implementation of Fuzzy Controller for a Camera Tracking System using the software and
hardware set-up

Activities planned for this year for the camera tracking system include testing of the concept in
software as well as hardware simulations. The software testing will be performed in the STL using
a 386 based system as well as Sun workstations. The hardware testing will be performed in
collaboration with the Engineering Directorate at JSC. It should be emphasized that the software
testing will help fine tune the rulebase and the membership functions, while the hardware testing
will help to identify all interface problems, real-time performance evaluation, and fine tune the
controller in light of actual measurements which will be noisy. Both, software and hardware,
testing is required in order to make the system operational and useful.

The tracking controller described earlier in section 4.4 has been implemented using the fuzzy-C
development system and necessary software modules in C language have been generated. Its
interfaces with the sensor module that provides the measurements and the gimble drive module that
accepts the commands have been defined and implemented in C. A top level executive has been
designed as shown in fig. 11 with the necessary data flow and the state propagator for a target
vehicle. At this time, the Clohessy-Wiltshire equations of motion {34] in the LVLH frame will be
used to propagate the target state and to generate the camera measurements. A first order linear
gimble drive model has been developed for the pan and tilt servo drives to rotate the pointing axis
of the camera. The measurements for the range, horizontal and vertical positions are based on the
geometry in an LVLH frame. A detailed test plan will be defined to test the concept for several
different scenarios. The fuzzy tracking controller will be tested for the following types of relative
trajectories : approach, fly-around, station-keeping, and passing orbits.

The hardware laboratory in the Engineering Directorate has the necessary equipment required for
testing: camera, gimble drives, laser range finder and other interface equipment. The camera
system will require a digitizer or pixel map generator and interfaces to the computer. The fuzzy
controller software developed in the STL will be ported to this computer which will have the
necessary hardware interfaces. A test plan that includes real moving targets in the laboratory and
various lighting conditions to simulate the orbital environment will be generated and the
performance of the fuzzy controller will be analyzed in detail. A study will be performed to
determine the responsiveness of the gimble drives with respect to the changing Scale_Factor
membership functions.

There is a considerable effort in the STL devoted to the development of algorithms for object
identification and pattern recognition. Particularly, the emphasis is given to the algorithms for
performing scene analysis and extracting the information from the image using fuzzyiness and
related parameters [35). Results of this effort can be implemented and integrated at various levels in
the concept of the camera tracking system to extend the capabilities of the sensor. At what level and
how to integrate these algorithms will be investigated as a part of our current activities.
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Fig. 11 TESTING OF CAMERA TRACKING FUZZY CONTROLLER
IN SIMULATION SOFTWARE
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5.3 Trajectory Control for Mars Rover during Sample Collection

While collecting soil samples and surveying the Mars surface, the Mars rover will be moving from
one point to another among obstacles which cannot be identified prior to the mission. In order to
complete the collection task, the rover must interpret imprecise sensor measurements of obstacle
size and distance to determine which obstacles present a hazard and must be avoided and plan a
trajectory to avoid these unforeseen obstacles. In addition, since the worst case round trip
¢ommunications time between Earth and Mars will require 20 minutes, Earth-based tele-robotic
control of the Mars rover will be extremely difficult and time consuming and could seriously
endanger the success of the mission. Fuzzy trajectory planning and control provides robust real-
time control capable of adapting the trajectory profile to avoid unforeseen hazards. The fuzzy logic
approach eliminates communications travel time, allows the rover to avoid obstacles which may be
unavoidable due to tele-robotic reaction time, and provides adaptable control which will extend the
rover performance envelope. '

A fuzzy logic approach to trajectory control has been developed [36] which allows the rover to
avoid these hazards during the sample collection process. The fuzzy trajectory controller receives
the goal or target point from the planner and uses X and Y position errors as well as orientation
(Yaw) error in the control system frame and commands the rover in terms of steering angle and
velocity. The fuzzy rule-base containing 112 rules for the controller, has been designed to drive the
rover towards the X-axis of the control error frame. As the rover approaches this axis, the rover is
commanded to the correct orientation error and then slowly drives towards the target point.

The X and Y position error variables were modeled as a shouldered membership set of 5 piece-
wise linear functions [19] with a universe of discourse ranging from -100 to 100 meters. The
orientation or yaw error variable was modeled as an unshouldered membership set of 7 functions
‘'with a universe of discourse ranging from -180 to 180 degrees. The steering variable was modeled
as an unshouldered membership set of 5 functions with a universe of discourse ranging from -30
to 30 degrees. Finally, the velocity variable was modeled as an unshouldered membership set of 7
functions with a universe of discourse ranging from -5 to 5 meters/second. -

A fuzzy trajectory controller for a Mars rover has been tested on several cases. Preliminary results

_have shown that the trajectory controller can reach the target position and attitude within 0.0005
meters on the x-error axis, 0.25 meters on the y-error axis, and 0.45 degrees yaw error. It is
believed that these accuracies can be reduced by altering the membership function sets for the
inputs and outputs. Further testing will facilitate the tailoring of the membership functions to the
fuzzy rule set. Our activities in this project have shown that the fuzzy approach provides a control
system which can be easily modified and tested.

6.0 FUTURE PROJECTS

In this section, the future activities that are planned for fiscal year (FY) 1991 and beyond are
described with an expectation that these activities will be fully funded for new technology
development. Activities in the area of traffic management around the SSF utilizing the camera
tracking system are described first. Then, the development of reinforcement learning during
docking and repair operations is described. Development of a concept for a health monitoring
system is described last.

6.1 Application of Camera Tracking System for Traffic Management
Future opérations around the SSF will include many vehicles approaching and departing the facility

simultaneously. The crew onboard the SSF will have to perform traffic management functions very
actively for safety reasons. The camera tracking system can be used effectively during these
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operations and can help the crew to efficiently manage traffic around the SSF. During assembly
and other Extra-vehicular operations, tracking and monitoring of other objects around the SSF is
required for mission success. As part of our future activities we will investigate the applicability of
the camera tracking system to the problem of traffic management around the SSF.

As part of our current activities we are planning to implement the fuzzy tracking controller in the
hardware laboratory in the Engineering Directorate. The tracking controller will be interfaced with
the gimble drives and a pixel map from a camera. It is also possible to interface the output of the
camera to the fuzzy processor which can run the fuzzy controller and command the gimble drives.
It is planned to purchase suitable fuzzy hardware and perform the necessary testing to prove the
concept at the hardware level. We will investigate the performance of fuzzy chips for accuracy,
timing and interfaces with a main computer. The use of the concept for several space station
applications will be relatively easy and realizable.

The capabilities of the tracking controller can be expanded to perform other functions such as
approach toward the object, grapple, object identification, traffic management, and caution and
warning to crew. Fast moving objects can be identified easily via prediction of position and thus
collision avoidance can also be achieved. Since the system can work as a stand-alone system at the
command level and will interrupt the operations flow only if necessary, it can become a node ina
distributed sensor system.

6.2 Reinforcement Learning for External Environment during Docking and Repair Operations

A Space Shuttle crew initiates proximity operations procedures and docking maneuvers, when the
Orbiter is within 1000 feet of the payload. It is expected that the payload will remain in a stable
attitude and in nearly the same orbit during this entire time. Typically, the crew performs an
approach known as the v-bar approach, keeping manual control of the Orbiter. Docking maneuvers
with the payload are also performed manually. The manual procedures and algorithms used during
these tasks by the crew are developed using the real-time Shuttle Mission Simulator Facility on the
ground.

During proximity operations, if the procedures require some adjustment, the so-called fine tuning,
it is performed real-time, even if it was not learned in the real-time simulation. Real-time
adjustments are achieved based upon the current situation (e.g. satellite is not in a stable attitude or
its orbit is constantly changing) and goal achievements. Thus the crew constantly learns and
updates these procedures and algorithms as their experience base builds-up.

It has been shown that a Fuzzy logic controller can perform the same activities autonomously using
sensor measurements as inputs. Fuzzy membership functions and the associated rule base [27,28]
have been developed utilizing the same procedures used by the crew during mission operations. A
fuzzy reinforcement learning method (37] has been developed at Ames Research Center (ARC)
using the inverted pendulum. The fuzzy controller can be combined with the reinforcement learning
technique to give it a capability to learn real-time and improve its performance. With this capability,
the fuzzy controller can adapt to a new environment and adjust its membership functions and/or
rules to appropriately perform the tasks, given enough training instances.

The objectives of this project are to: 1) combine the fuzzy controller developed for the translational
motion with the reinforcement learning technique, and 2) demonstrate its performance for the
translational control of a spacecraft during proximity and docking operations. This project will be
jointly undertaken by two NASA centers: JSC will provide a high fidelity spacecraft simulation,
testcases with input and output definitions, and preliminary rules and membership functions for the
fuzzy translational controller, while ARC will provide the learning elements with appropriate
interfaces to the simulation and updated rule base.
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An approach has been developed (as shown in fig. 12) to combine the fuzzy logic controller with
reinforcement learning so that a higher level of autonomy for spacecraft operations can be
achieved. Such an intelligent controller for a spacecraft is expected to adapt to the surrounding
orbital environment and adjust its control strategy. Initial work on this project has been started and
a project plan has been put together [38). Details of the rule base, membership functions, input
parameters, output commands and other simulation interfaces are in work.

6.3 Concept Development for Health Monitoring System for Environment and Life Support
System for Large Volume Crew Quarters

Continuous monitoring and control of the Environment and Life Support System (ELSS) onboard
the SSF is required for the safety of the crew. The preliminary design of the ELSS control system
(also known as atmospheric control system) consists of temperature, pressure and composition
control which are highly interrelated. The composition control includes control of major cabin
atmosphere constituents, oxygen and nitrogen, and the control of humidity and trace contaminants.
This preliminary design is based on the following requirements [39].

Relative humidity must be maintained between 25 and 70 % with the constraint that the dew point
temperature is always maintained above 59 deg. F. The cabin temperature must be selectable
between 64 and 81 deg. F and must be controlled within one deg. accuracy. The cabin atmospheric
pressure must be maintained at 14.7 psia within 0.2 psia accuracy. The oxygen partial pressure
must be maintained at 2 psia.

The system dynamics model or the plant that represents the behavior of the system is non-linear
and parameters are highly interrelated. The system equations can be linearized when the volume of
the cabin is small and several simplifying assumptions are made. However, the dynamics becomes
increasingly complex and non-linear as the volume of the crew quarters increases significantly. In
such cases, applying conventional control theory will be very difticult, if not impossible.

In order to properly control the system state, highly accurate information regarding the current state
of the system is required. Multiple sensor measurements are required to derive this accurate state
information. It should be noted that the accuracy of state information is dependent on sensor
accuracy. The sensors will possibly be distributed over the entire volume of the cabin. Thus, the
problem can be thought of in two steps: deriving state information based on sensor measurements
and controlling the deviations from the desired state. The first step relates to the interpretation of
measurements, particularly their accuracy. The second step relates to the control of the state.

A concept of a fuzzy logic based monitoring and diagnosis has been developed to combine several
sensor measurements and derive the state information of a non-linear system. The concept can be
expanded to maintain a desired state, detect potential component failures and generate immediate
advisory messages for corrective actions. As part of our activities in FY91, we will apply this
concept to the ELSS of SSF and implement a fuzzy rulebase and membership functions. We will
further generate a software demonstration as a proof of the concept and evaluate the suitability of
the fuzzy logic based monitoring technique.

7.0 SUMMARY

Applications of fuzzy logic in autonomous orbital operations are described in this paper with past
accomplishments at JSC. Current ongoing as well as future activities planned are also described.
The main objective of all these activities is to increase autonomy in orbital operations and thus
achieve a higher level of operational efficiency desired for future space operations. The approach 1s
to develop modular control that can be upscaled for greater autonomy in an integrated environment.
The initial step is to develop a software controller and then to integrate it with hardware at
appropriate level. As the activities progress, detailed testing will be performed to check out
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implementation and integration of components. Our preliminary results promise a very successful
utilization of fuzzy logic in autonomous orbital operations.
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ABSTRACT

A method for on-line SSME anomaly detection and fault typing using a feedforward -
neural network is described. The method involves the computation of features
representing time-variance of SSME sensor parameters, using historical test case data.
The network is trained, using backpropagation, to recognize a set of fault cases. The
network is then able to diagnose new fault cases correctly. An essential element of the
training technique is the inclusion of randomly generated data along with the real data,
in order to span the entire input space of votential non-nominal data.
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Netrologic SSME Fault Detection

1. Introduction

NETROLOGIC has devised a new system that uses neural networks for on-line
detection of fault conditions in the Space Shuttle Main Engine (SSME). In order to
recognize danger signs early enough to shut down the rocket engine and minimize
damage resulting from unforeseen malfunctions, an SSME fault detection system needs
to be faster and more accurate than existing systems. Even with the current failure
response systems which utilize automatic redlining, redundant sensor and controller
voting logic, and human monitoring, post test analysis shows the emergence of
anomalous engine behavior well before a shutdown sequence is initiated. Neural
networks can provide improved test-stand SSME fault detection with natural extensions

to in-flight monitoring.

A fast SSME diagnostic method is essential since a large number of simultaneous
sensor measurements (over 200 are available) are input to a test shutdown decision
module at a high sampling rate. Sensor data fusion and evaluation are complicated
issues since clues to engine performance may involve subtle combinations of sensor
measurements varying through time. There is a high cost associated with unnecessary
shut-downs (false alarms) as well as missed detections (failure to detect an impending

catastrophe).

A detection system should not alter the current engine or control system and
should utilize all existing data. Since the SSME's major components are line replaceable
units, ideally a fault detection system should be independent of engine-to-engine
performance variation and of older engine failure signatures.

Neural networks can contribute to an effective solution since they are
1) fast, especially if implemented on parallel hardware;

2) capable of discovering subtle patterns of input data without
being explicitly taught what combinations are significant;

3) capable of generalizing based on previously learned examples; and

- 4) robust --- relatively insensitive to noisy data.

2. Data Source an Description

We used the well-known backpropagation to train our three layer feedforward
network with training examples from sensor data from actual SSME test cases (see
Figure 1), conducted between 1981 and 1989. Most of the data resulted from recordings
of cases in which faulty engine performance occurred. We restricted our attention to
time periods after the SSME reached full power, since steady-state fault diagnosis is a
sufficiently difficult and important problem, and the use of data from periods of
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transient SSME operation would introduce considerable complications. We will
investigate the application of neural nets to failure detection during the transient phase
in the near future. Neural nets can recognize distinctive time series such as temperature
transients, and will be useful for rocket engine transient analysis.

The six fault cases that we have used represent failures of various types, caused
by malfunctions in different hardware components, such as a fuel leak in the main
combustion chamber outlet neck in one case, and a cracked liquid oxygen post in

another. Although this provides a variety of data for training and testing, it also means
that there is not enough fault data to generalize about any particular failure type.

In each of the fault cases we observed that there was a relatively long period
during which the SSME functioned normally prior to malfunctioning, consequently, there
was an abundance of nominal sensor data. However, there was a very limited amount
of fault data in three cases, because the interval between the fault-declare time and the
‘time of the last sensor measurements was very short (as short as 0.2 seconds).

The fault-declare time for each of the fault cases was based on an analysis of
failure investigation reports which showed the time when sensors started to indjcate
signs of problems or faulty performance. We determined the time when a fault-
detection system should have been able to declare that something was wrong enough to
warrant shutting down the SSME. Sensor samples taken before the fault-declare time
are considered nominal, and samples taken after that time are considered fault data.

We only used a subset of the total number of different sensor measurements,
referred to as Parameter Identifiers (PIDs). These PIDs were sampled 235 times per
second. We selected twelve PIDs (see Figure 2) for use in our current study. Selection
of this subset of data was based on two factors:

1) Availability for all cases under investigation. Different test cases were
inconsistent in which sensors were installed and functioning. Since a fundamental
objective is to combine data from different test cases, and generalize to other cases, data
must have the same format for all cases. Therefore we only chose a PID if it was
available for nearly all of the cases used in our study. However, this is not an absolute
restriction: if a particular PID is missing from a particular test case, it is possible to use
null values for that PID in that case. In fact, it is essential that our method should
accommodate missing, faulty, or "dead” sensors.

2) Significance for diagnosis. Analysis of fault case profiles shows that, for a
given case, some sensors show strong early symptoms of faulty operation, while other
sensors appear to have less value for diagnosis. Naturally we chose PIDs which were
significant in the cases under investigation.
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3. Pre-Processing of Data

The inputs to the network were derived from PID values. Each sample fed into
the network corresponded to a particular point in time. However, the input values were
not simply the raw values for each PID at that time. The nature of the variation in PID
values over time may be more indicative of faulty performance than the value of the
PIDs at any isolated moment. For example, in case 901-331, fault symptoms included an
increasing HPOT discharge temperature concurrent with a decreasing MCC pressure.
Therefore, for each point in time, three features were calculated for each PID, which
take into account the medium, long, or short-term history of that PID leading up to that
time. These features are described in Figure 3.

Thus, the total number of simultaneous inputs to the network for each point in
time was three times the number of PIDs. We have used twelve PIDs and 36 input
units. In future studies, more features will be computed for each sample, to provide
more detailed input of time-variation of PIDs, or to explicitly input features which code
relationships between other features. In theory, the network is capable of performing
any computation on the inputs, so such compound features would be superfluous. In
practice, however, it might prove to be useful to input such features explicitly in order to
encourage the network to learn in a way that will lead to better generalization. The
three features currently used are minimal, yet appear to be sufficient for the tasks
attempted so far.

4. Network Architecture

We used a feedforward neural network model consisting of a layer of input units,
plus one or more layers of hidden units, plus a layer of output units. Units are
analogous to neurons. The connections between them are analogous to synapses. In the
feedforward model, each of the input units is connected to each of the hidden units, and
each of the hidden units is connected to each of the output units. Each of the
connections is characterized by a weight, which is the strength of the connection. In the
basic operation of the network, connections are one-way, going from inputs to outputs
(hence the name feedforward). Each unit attains a level of activation by taking the
weighted sum of its inputs. It then produces its own output, which is a function of its
activation. We have used the logistic function given by f(x) = 1/ (1 + exp(x)).

Feedforward networks can be trained to associate arbitrary input patterns with
arbitrary output patterns, and they have the ability to categorize and generalize, so that
similar inputs are mapped to similar outputs, and new input patterns (different from
those on which the network has been trained) will be mapped to outputs based on their
similarity to training patterns, Training is accomplished by the generalized delta rule
(backpropagation of error). After each input sample is fed forward through the
network, the output is compared with the desired output. The weights are then adjusted
iteratively to reduce any discrepancies (for a detailed description of backpropagation,

please see [6])
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The choice of how many hidden layers to use, and how many units to have in
each layer, is dictated by two opposing factors. On the one hand, it is generally easier
for a network to perform an exact mapping from a set of inputs to a desired set of
outputs, if there are more hidden units. On the other hand, if there are too many
hidden units, the network is liable to "over-learn” the training data, and may be less
successful at generalizing to new data. We have found that a single hidden layer of
three to six units is sufficient for the network mappings we have attempted so far.

5. Assignment of roles to output units

The output of the network represents its evaluation of the input data. The
activations of the output units are all floating-point numbers, which take on values
anywhere between zero and one. We currently use three output units, each of which
represents a different diagnosis category. The three categories are:

1) Nominal
2) Fault (of a type previously witnessed)
3) Deviant (anything that departs from nominal).

For each output unit, activation levels near 1.0 mean "yes", and levels near 0.0 mean
"10". Intermediate levels of activation may be regarded as the degree of confidence in

that diagnosis.

The first priority of an SSME fault detection method must be to decide when to
shut down the engine to minimize damage leading to a potential catastrophe. To the
extent that this is a yes-or-no decision, we only need to know whether or not the
engine’s performance is nominal. This may be described as anomaly detection. Beyond
this, however, it may be necessary to distinguish between different failure types. This
will be true if different shut-down or safety procedures are employed depending on
failure type. Also, if the neural network forms a part of a larger fault detection system,
it may be of value for the network to report what failure type it perceives, thus
providing a more useful input to the rest of the system.

Fault detection should involve the notification of a failure, the isolation of the
type of failure, and the estimation of the severity. The detection of a failure which
would warrant a shutdown sequence was emphasized, the isolation and estimation
functions were secondary. Further study for isolation and estimation will also be
pursued, however, a system which emphasizes detection during testing would alleviate
some of the complexity or computational burden associated with pursuing all three goals
of fault detection simultaneously.

Under the constraint of limited fault data, and keeping in mind the primary
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importance of shut-down decision making, we focused on anomaly detection rather than
fault-typing, and employed only a single output unit for the "fault” category. In the
future, when more fault data (real or simulated) becomes available, our method may be
extended with no fundamental changes to incorporate more output units for individual

failure types. :

Using only historical nominal and fault data, the network can be trained to
distinguish nominal and fault data that it is trained on, but when we ask it to generalize
to new cases (cases that have not been used for training), the results may be
disappointing. Unless a new case is very similar to one of the training cases, this new
fault data will not resemble the old fault data any more than it resembles the old
nominal data. In our experience, the network output "nominal" for all samples in the
new faault cases, both before and after the fault-declare time. Evidently the problem
was that the fault data in the training cases were too limited, involving only particular
PIDs with specific time profiles. A network trained to recognize a particular small set
of fault cases cannot be expected to recognize a new fault case, which is likely to involve
different PIDs indicating degraded performance with completely new behavior.

In order to train a network to distinguish nominal data from all possible non-
nominal data, we needed a source of non-nominal data. Fault data from real fault cases
were insufficient for this purpose since, even if we used all the fault data currently
available, it would still not span the entire space of potential non-nominal data.
Therefore, we experimented with using random data evenly distributed throughout the
total input space of the network. We called these data "deviant." The network was
given a combination of nominal, fault, and deviant data, and trained to recognize each
type. The extra task of recognizing deviant data forced the network to learn the
boundaries of the nominal data.

6. Training Method and Initial Results

Our usual method was to train a network on data from several SSME test cases
shuffled together with randomly generated "deviant” data, test the network on the
training cases, and also test on new cases. In three of the cases there were very low
proportions of fault data. Therefore, in order to train the network on a balanced set of
samples, the fault samples in those cases were duplicated a hundred times in the training
data file before it was shuffled.

When we trained and verified the network on actual fault cases, we found that
the network was capable of learning the training data with very high accuracy. It would
output "nominal" when fed nominal data, and "fault” when fed fault data. When learning
was not quite perfect, the incorrect outputs always occurred for data immediately before
or after the fault-declare time. This showed that the transition period around the fault-
declare time was the most difficult to learn, as it should be if the network was using
criteria involving the continuous progression of PID values through time. -
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The only case which presented some difficulty was case 249. It is not clear from
post-test analysis what fault-declare time is appropriate for this case. Proposed times
range from as early as 320 seconds to as late as 405 seconds after start-up. When we
used an early declare time and combined case 249 with other cases for training, the net
had difficulty reconciling this with the other cases used during training. Apparently, the
data in the middle period of 249 is too similar to other data which is nominal, so that it
could only be learned as a fault through overlearning, that is, by paying too much
attention to distinguishing details with no relevance to fault symptoms.

Our initial results with generalizing to new cases were very promising. The
network was able to diagnose new fault cases correctly without training. As expected for
these cases, none of the data was evaluated as faulty. Data before the fault-declare time
was classified by the network as nominal, and data after the fault-declare time was
classified as deviant. The fault-declare times for untrained fault cases determined by the
networks have been remarkably consistent with the fault-declare times established on the
basis of expert post-test analysis. In case 249, mentioned above, a network (which had
been trained on cases 259, 331, 436, and random data) diagnosed the data as deviant
after 331 seconds; our proposed fault-declare times ranged between 320 and 403
seconds. The same network, when tested on case 340, output strongly deviant after 283
seconds. Our fault-declare times ranged between 280.3 and 290 seconds.

7. Other Failure Detection Systems

A typical tradeoff consideration for failure detection is detection performance
versus filter behavior under normal conditions. A design specific to certain failures may
provide failure isolation at the expense of performance in detecting nominal data.
Certain detection filters take into account such a tradeoff. Under normal or nominal
conditions, the bandwidths of the Kalman filters used in detection filters will be
increased to be sensitive to the failure isolation designs, yet this increase makes the
system more susceptible to sensor noise. With the incorporation of the deviant output,
neural nets do not have to be trained to detect specific failures and detection
performance will not be hindered under normal conditions. Normal operation should
not degrade, since neural nets can be insensitive to sensor noise.

Another failure detection system involves voting schemes. Such schemes can
efficiently rule out faulty sensors and are very useful for false alarms, but often pay the
price of hardware redundancy for a reliable means of failure detection. Failures such as
thermal effects and power failures can also affect the "like" sensors utilized by voting
systems in the same way. Since failure detection involves voting between these like
sensors, a problem which affects all the sensors will not be detected.

Multiple hypothesis filter-detectors can be too complex for a practical failure
detection system [8], [9]. Multiple hypothesis filter-detectors are considered to yield the
best performance in the widest class of field for detection, isolation, and estimation, but
the complexity can be of major concern. These filters involve the computation of
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probabilities of all the types of failures under consideration, which may require much
time and storage capabilities. Neural nets, on the other hand, are not considered very
complex in terms of what the network or implementor has to do. Storage and time
considerations are not a problem with neural nets either. When implemented in massive
parallelism or by an accelerator board, neural nets are able to respond quickly. Very
little computational overhead exists since nets require only two matrix multiplication and
two activation applications. The matrices involved in the computation to determine the
output are the interconnection matrix between the input and hidden layer and the
interconnection matrix between the hidden and output layer. Since only two layers are
needed for a successful neural network, only two activation applications are required
also. Moreover, neural nets should be able to perform well for SSME fault detection.
Some other failure sensitive filters can also become oblivious to new sensor outputs by
learning the data too well. In these cases, the Kalman filter and the precomputed
covariance utilized become too small and, therefore, oblivious to new data.

Innovations-based detection systems, such as the generalized likelihood ratio
(GLR) test, can be sensitive to modelmg errors [5], [9]. The GLR test may provide fast
failure recovery, but it is imperative for a good estimation of failure parameters that the
model is accurate. Neural nets are not considered very complex and the creation of
accurate models is not difficult.

The key issues to be addressed in discussing the merits of one system compared
to another are complexity in implementation, performance with respect to false alarms
and delays in detection, and robustness, such as modeling errors and sensitivity concerns.
Our initial results indicate that neural nets do very well in resolving these issues in
comparison with other methods.
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Figure 1: SSME (Space Shuttle Main Engine) TEST CASES
Six Fault Cases

Case 901-331 July 15, 1981
LOX Post Fractures, Erosion-MCC

Time 152 - 233.48; Fault-Declare 232.3
2010 nominal, 28 fault, 2038 total samples

Case 902-249 September 21, 1981
Power Transfer Failure, Turbine Blades
Time 261.96 - 450.56; Fault-Declare 320
1451 nominal, 3265 fault, 4716 total samples

Case 901-340 October 15, 1981
Turn Around Duct Cracked/Torn
Time 201.96 - 300; Fault-Declare 280.6
1966 nominal, 486 fault, 2452 total samples

Case 901-364 April 7, 1982
Hot Gas Intrusion to Rotor Cooling

Time 131.96 - 230; Fault-Declare 210
1951 nominal, 501 fault, 2452 total samples

Case 901-436 February 14, 1984
Coolant Liner Buckle

Time 551.96 - 611.08; Fault-Declare 610.55
1471 nominal, 8 fault, 1479 total samples

Case 750-259 March 27, 1985
MCC Outlet Manifold Neck, Fuel Leak

Time 41.96 - 101.50; Fault-Declare 101.3
1485 nominal, 4 fault, 1489 total samples

Two Nominal Cases

Case 902-457 November 1988
Time 100 - 250
-3751 nominal samples

Case 902-463 February 1989

Time 101.96 - 238.16
3405 nominal samples
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Figure 2;

Ds (Paramet ’'s) for SSME (Space Shutt ain Engine

18 (566) MCC CINT DS T :
Main Combustion Chamber Coolant Discharge Temperature B

24 (371) MCC FU INJ PR (MCC HG IN PR)
Main Combustion Chamber Hot Gas Injector Pressure A

40 OPOV ACT POS _
Oxidizer-Preburner Oxidizer Valve Actuator Position A

42 FPOV ACT POS
Fuel Preburner Oxidizer Valve Actuator Position A

52 (459) HPFP DS PR
High Pressure Fuel Pump Discharge Pressure A

63 MCC PC
Main Combustion Chamber Pressure Average

209 (302) LPOP DS PR
High Pressure Oxidizer Pump Inlet Pressure A

231 (663) HPFT DS T1 A
High Pressure Fuel Turbine Discharge Temperature A

232 (664) HPFT DS T1 B
High Pressure Fuel Turbine Discharge Temperature B

233 HPOT DS T1
High Pressure Oxidizer Turbine Discharge Temperature A

234 HPOT DS T2
High Pressure Oxidizer Turbine Discharge Temperature B

261 (764) HPFP SPEED
High Pressure Fuel Turbopump Shaft Speed

These are all CADS sensor measurements taken 25 times per second.
Numbers in parentheses are corresponding facility measurements.
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Ficure 3: Features computed for each PID for each samvlc_a

(1) (AVG2(t) - AVG1(t) ) / s
2) ( AVG2(t) - AVG2(t0) ) / s
3) ( X(t) - AVG1(t-.08)) /s
Where,

AVG2(t) is the mean value of the PID for the 2 seconds
(50 samples) leading up to time t.

AVGl(t) is the mean value of the PID for the 0.08 seconds
(3 samples) leading up to time t. :

s is the standard deviation of the PID value.
t0 is time soon after SSME reaches steady-state operation.

X(t) is the value of the PID at time t.

" These three features are intended to encode the essential history
of each PID value, providing sufficient information for the neural
network to perform fault diagnosis. They represent the degree of
change (positive or negative) over medium, long, and short periods
of time.

The time t0 is used to calculate a base average value for each
PID, to provide an unchanging reference point for measuring the
long-term change in the PID value. We have simply used the first
2 seconds of data in the time-slice used for each test case to
compute AVG2(t0).

In order to make all of the network inputs fall within the same
range, all three features are scaled according to the standard
deviation of the PID. The standard deviation does not depend on
the particular test case; for each PID, a standard deviation is
calculated on the basis of all available test cases combined.
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Space Shuttle Main Engine
Fault Diagnosis

Full-Power Test - High Pressure Fuel Turbopump Failure

Figure 4; Qoncegtua[ Diagram

This is a computer-screen image of our demonstration program.
The windows at the top of the picture are graphs of the twelve PID
values varying with time. The schematic diagram conceptually
portrays the neural network units and connections. Twelve inputs,
three hidden units, and a single output unit are shown (note that
our current approach actually employs 36 input, 6 hidden and 3
output units).

126



Netrologic SSME Fault Detection
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Figure 5: Graph of Neural Network Output

This shows the results of training the neural net on a case
where the primary and secondary faceplates burned causing a
problem in the main combustion chamber (901-331), a case where
cracks were found in the high pressure fuel turbopump (901-340),
and a case where a hotgas intrusion to rotor cooling occurred from
a breach in a kaiser helmet (901-364). After training, the
network was tested on case 901-436, where the high pressure fuel
turbopump was massively damaged. The graph shows that the neural
net provided earlier fault detection than that of the SAFD results
provided in the "Failure Control Techniques Report For The SSME,”
by Rocketdyne. The graph of the third output unit, which
indicates nominal data, is not shown. The nominal output is
simply the reflection of the deviant output around the horizental

axis labelled 0.5.
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GOALS AND NATURE OF PROBLEM

) USE TRAINABLE PATTERN CLASSIFIERS FOR SPACE SHUTTLE MAIN ENGINE
ANOMALY DETECTION

. PROVIDE EARLIER AND MORE ACCURATE ON-LINE ANOMALY DETECTION
(PREVIOUS DETECTION SYSTEMS - REDLINES, HUMAN MONITORING - MISSED
EARLY SIGNS OF ENGINE FAILURE)

. IMPROVE TEST STAND MONITORING, EXTEND TO IN-FLIGHT MONITORING

o SHUTDOWN DECISION MODULE MUST INTEGRATE AND EVALUATE LARGE NUMBER
OF SIMULTANEOUS SENSOR MEASUREMENTS AT HIGH RATE

. HIGH PENALTY FOR

L FAILURE TO DETECT IMPENDING CATASTROPHE
(TEST-STAND DAMAGE AS HIGH AS $26 MILLION FOR A SINGLE
FAILURE; FAILURE IN FLIGHT, IF IT EVER OCCURS, MAY CAUSE LOSS

OF HUMAN LIFE)

) UNNECESSARY SHUT-DOWN (FALSE ALARM)
(COSTS THOUSANDS OF DOLLARS ON TEST STAND; IN FLIGHT,
EMERGENCY LANDING WITH ENGINE SHUT DOWN UNNECESSARILY MAY

ENDANGER LIFE)
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AS SHUTTLE ENGINE FIRING IN PROGRESS, "RAW" INPUT TO ANOMALY DETECTION
SYSTEM IS SEQUENCE OF VECTORS

P(r) 1=0,1, ..., s-1

(s = # SAMPLES TAKEN SO FAR)

TIME STARTS FROM LAUNCH: T, =0

SAMPLES TAKEN AT REGULAR RATE

(TYPICAL SAMPLING RATE 25 PER SECOND,
OR ONE SAMPLE EVERY 0.04 SEcONDS)

FOR EACH POINT IN TIME v, EACH COMPONENT OF P(v) IS THE VALUE OF A
PARTICULAR SENSOR MEASUREMENT

P(T) = (P,(T), P(T), ..., P (1))

(N = # SENSORS EMPLOYED)

SENSORS P,, P,, ... , P, REFERRED TO BY PARAMETER IDENTIFICATION
NUMBERS, OR "PIDS"
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OVER 200 PIDS AVAILABLE

TEST FIRING DATA NOT CONSISTENT:
FOR MOST TEST FIRINGS, SOME PIDS NOT PRESENT OR NOT VALID
(SENSORS NOT BUILT INTO EARLY VERSIONS OF ENGINES OR FAILED SENSORS)
CRITERIA FOR INITIAL CHOICE OF PIDS
¢ SUBSET OF PIDS USED IN ROCKETDYNE'S SAFD ALOGORITHM
J SIGNIFICANT FOR DIAGNOSIS IN ANOMALOUS FIRINGS UNDER INVESTIGATION
o AVAILABLE FOR MOST TEST FIRINGS UNDER INVESTIGATION
(DESIRABLE FOR GENERALIZING FROM ONE FIRING TO ANOTHER, BUT NOT

ABSOLUTE REQUIREMENT - MISSING OR FAILED SENSORS MUST BE TAKEN
INTO ACCOUNT ANYWAY)

METHOD ALLOWS FOR USING MORE PIDS IN FUTURE
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TWELVE PIDS USED IN CURRENT STUDY

MCC CLNT DS T
(MAIN CoMBUSTION CHAMBER COOLANT DISCHARGE TEMPER&TURE B)

MCC FU INJ PR
(MaIn COMBUSTION CHAMBER HOT GAS INJECTOR PRESSURE A)

0POV ACT POS
(OXIDIZER-PREBURNER OXIDIZER VALVE ACTUATOR POSITION A)

FPOV ACT POS
(FUueL PREBURNER OXIDIZER VALVE ACTUATOR PosiTIoN A)

HPFP DS PR
(HzgH PRESSURE FUEL PuMp DISCHARGE PRESSURE A)

MCC PC
(MAIN COMBUSTION CHAMBER PRESSURE AVERAGE)

LPOP DS PR ,
(HxcH PRESSURE OxIDIZER PuMP INLET PRESSURE A)

HPFT DS T1 A
(HxgH PReESSURE FUEL TURBINE DISCHARGE TEMPERATURE A)

HPFT DS T1 B
(HxcH PReESSURE Fuet TurBINE DISCHARGE TEMPERATURE B)

HPOT DS T1
(ngu PRESSURE OXIDIZER TURBINE DISCHARGE TEMPERATURE A)

HPOT DS T2
(HzGH PRESSURE OxIDIzER TURBINE DISCHARGE TEMPERATURE B)

HPFP SPEED
(HxgH PRESSURE FUEL TURBOPUMP SHAFT SPEED)
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TEST FIRING MAY LAST OVER TEN MINUTES, SO NUMBER OF SAMPLES s MAY REACH
TENS OF THOUSANDS T .

VECTORS P(t,), i =0, 2, ..., s-1 FORM s x N MATRIX (N = # PIDS)

THIS POTENTIALLY HUGE MATRIX MUST BE EVALUATED QUICKLY

(PREFERABLY BEFORE NEXT SAMPLE) PROVIDING STRONG MOTIVATION FOR
EXTRACTING MANAGEABLE (AND CONSTANT) NUMBER OF FEATURES FROM MATRIX,
USING FAST CLASSIFICATION ALGORITHMS AND MACHINERY, ESPECIALLY PARALLEL

PROCESSING

IDEALLY, SSME PERFECTLY UNDERSTOOD, HEALTH STATUS DETERMINED FROM
SENSOR MEASUREMENTS BY APPLICATION OF THEORETICALLY DEDUCED RULES

BUT SSME IS COMPLICATED, ITS BEHAVIOR NOT ENTIRELY PREDICTABLE

MAIN RESOURCES FOR CREATING DIAGNOSTIC SYSTEM ARE

° EXPERT KNOWLEDGE
(MUCH OF THIS IN FAILURE INVESTIGATION SUMMARIES)

¢ DATA ACCUMULATED FROM PREVIOUS NOMINAL & ANOMALOUS SSME FIRINGS
USE TRAINABLE PATTERN CLASSIFICATION SOFTWARE TO LEARN TO CLASSIFY
TRAINING DATA, ATTEMPT TO GENERALIZE CORRECTLY TO NOVEL DATA

NEURAL NETWORKS OFFER

¢ SPEED, ESPECIALLY IF IMPLEMENTED ON PARALLEL HARDWARE

o AUTOMATIC LEARNING OF SUBTLE FEATURES IN LARGE QUANTITIES OF DATA
. CAPABILITY OF GENERALIZING BASED ON PREVIOUSLY LEARNED EXAMPLES
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SSME TEST FIRING DATA EMPLOYED FOR CLASSIFIER TRAINING AND TESTING

(FIRINGS CONDUCTED ON GROUND BETWEEN 1981 Anp 1989)

o TWO NOMINALVFIRINGS (902-457, 902-463)
o SIX ANOMALOUS FIRINGS REPRESENTING VARIOUS FAILURE TYPES
¢ (901-331) CRACKED LIQUID OXYGEN POST
[ (902-249) POWER TRANSFER FAILURE, TURBINE BLADES
o (901-340) TURN AROUND DUCT CRACKED/TORN
¢ (901-364) HOT GAS INTRUSION TO ROTOR COOLING
o (901-436) HIGH PRESSURE FUEL TURBOPUMP COOLANT LINER BUCKLE
o (750-259) FUEL LEAK IN MAIN COMBUSTION CHAMBER OUTLET NECK

(MORE TEST FIRINGS TO BE ADDED IN FUTURE)
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FAULT-DECLARE TIMES BASED ON FAILURE INVESTIGATION REPORTS FOR EACH FIRING,
PLUS AS OUR OWN ANALYSIS OF SENSOR DATA

. FAULT-DECLARE TIME IS TIME WHEN SENSORS FIRST SHOW SYMPTOMS OF
FAULTY ENGINE PERFORMANCE, SO THAT AN ANOMALY DETECTION SYSTEM
IDEALLY SHOULD HAVE BEEN ABLE TO INITIATE SSME SHUT-DOWN

¢ FOR NETWORK TRAINING, SENSOR SAMPLES TAKEN BEFORE FAULT-DECLARE
TIME CONSIDERED NOMINAL DATA, SAMPLES TAKEN AFTER THAT TIME
CONSIDERED ANOMALOUS DATA (HOWEVER SOME SAMPLES MAY BE LEFT OUT OF
THE TRAINING SET IF IN DOUBT WHETHER TO CONSIDER ANOMALOUS)

. WHEN TESTING NETWORK PERFORMANCE, FAULT-DECLARE TIMES USED FOR
COMPARISON
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ATTENTION INITIALLY RESTRICTED TO PERIODS OF STEADY-STATE OPERATION

EXPLANATION FOR NON-ROCKET EXPERTS: THE SSME OPERATES AT VARIOUS POWER
(THRUST) LEVELS, MEASURED BY THE MAIN CoMBUSTION CHAMBER PRESSURE, P,;.

NORMALLY A FIRING HAS A SCHEDULED SEQUENCE OF POWER LEVELS. PERIODS
DURING WHICH THE POWER LEVEL IS HELD APPROXIMATELY CONSTANT ARE CALLED
"STEADY-STATE", AND MAY LAST A FEW SECONDS OR A FEW MINUTES. IN BETWEEN
THE STEADY-STATE PERIODS ARE INTERVALS OF THROTTLING, KNOWN AS
"TRANSIENTS". TRANSIENTS USUALLY LAST ONLY A FEW SECONDS.

MOST MAJOR FAILURES OCCURRED DURING STEADY-STATE
TAILORING METHOD TO STEADY-STATE DATA ALLOWS USEFUL ASSUMPTIONS:

. SENSOR VALUES NOT EXPECTED TO CHANGE SIGNIFICANTLY
(ALTHOUGH IN PRACTICE THEY CHANGE CONSIDERABLY)

o UNCHANGING VALUES CAN BE CONSIDERED NOMINAL '

. SAME CRITERIA FOR ENGINE HEALTH SHOULD APPLY REGARDLESS OF
AMOUNT OF TIME ELAPSED IN STEADY-STATE PERIOD

TRANSIENT ANOMALY DETECTION INHERENTLY MORE DIFFICULT:
. SENSOR DATA CHANGE IN COMPLICATED WAYS

¢ PATTERNS OF CHANGE MAY DEPEND ON EXACT NATURE OF TRANSIENT
(START & FINISH POWER LEVELS, RATE OF THROTTLING, ETC)

NOT APPROPRIATE TO GENERALIZE ACCROSS SAMPLES TAKEN AT DIFFERENT
TIMES DURING TRANSIENTS

IN FUTURE, MOST TECHNIQUES WE EMPLOY FOR STEADY-STATE COULD BE

EXTENDED TO APPLY TO TRANSIENT ANOMALY DETECTION
(RECURRENT NEURAL NETWORKS PARTICULARLY PROMISING)
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AT EACH TIME T, MOST RECENT SAMPLE P(7;) IS KEY DATA.FOR DIAGNOSIS
SAMPLES P(7;), J < i, ALSO PROVIDE IMPORTANT INFORMATION

. FOR DETECTING SIGNIFICANT CHANGES OR RECOGNIZABLE "FAULT
SIGNATURES" IN THE GRAPHS OF PID VALUES AS FUNCTIONS OF TIME

o FOR MEASURING DURATIONS OR COUNTING REPETITIONS OF POSSIBLY
ANOMALOUS CONDITIONS

¢ FOR COMPUTING MOVING AVERAGES, TO SMOOTH OUT "NOISE"

o IN ORDER TO CONSTRUCT AN ANOMALY DETECTION SYSTEM WHICH IS GENERAL
ENOUGH TO WORK ON VARIOUS ENGINES AT VARIOUS POWER LEVELS, IT MAY
BE DESIRABLE TO USE DATA FROM ONE TIME INTERVAL IN A GIVEN FIRING

AS A POINT OF REFERENCE FOR EVALUATING DATA FROM LATER TIME
INTERVALS IN THE SAME FIRING

PRE-PROCESSING OF PID VALUES: CALCULATION OF FEATURES
. CONSOLIDATE RAW DATA FROM HUGE s x N MATRIX
(s = # sampLES P(T), i =0, ..., s-1)
(N = # PIDS IN EACH SAMPLE)

¢ ENCODE ESSENTIAL TIME INFORMATION

o COMPOUND FEATURES MAY ALSO BE FORMED FROM PIDS BY CALCULATING
DIFFERENCES BETWEEN PIDS, AVERAGES OF PIDS, SPECIAL FORMULAS TO

COMBINE REDUNDANT PIDS, ETC
(SoME OF THE PIDS ARE IN FACT ALREADY COMBINATIONS OF THIS TYPE,

BUT WE HAVE NOT CREATED ANY NEW FEATURES IN THIS WAY)
J SCALE AND TRANSLATE FEATURES SO
) ALL CENTERED AROUND SAME VALUE (e.c. ZERO)

) ALL VARY WITHIN SAME APPROXIMATE RANGE (e.G. BY SCALING
ACCORDING TO STANDARD DEVIATIONS)
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WE CURRENTLY CALCULATE TWO FEATURES FOR EACH PID

. RECENT CHANGE

Avgl(H)-Avg2(t)
o

) LONG-TERM SMOOTHED CHANGE

Avg2(r)-Avg2(t) | | /,/ .
o A ﬂc’/w},/ ,Az//,/(j/ A ///ﬂ/ 7

WHERE

Avel(®) MEAN PID VALUE FOR 0.12 seconDs (3 SAMPLES)

Avg2() MEAN PID VALUE FOR 2 SECONDS (50 SAMPLES)

(AVERAGES CALCULATED OVER TIME INTERVAL ENDING AT TIME t )

o = STANDARD DEVIATION OF PID VALUE

(MEASURED OVER ALL STEADY-STATE DATA FROM ALL AVAILABLE FIRINGS)

t = TIME 3 SECONDS AFTER START OF CURRENT STEADY-STATE INTERVAL

f

. THESE FEATURES RESEMBLE CALCULATIONS USED IN ROCKETDYNE'S SAFD
ALGORITHM
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RESULT OF PRE-PROCESSING IS po-DIMENSIONAL FEATURE VECTOR
X(r,)) = X, (), X)), ..., X(1))

WHICH IS FUNCTION OF PID SAMPLES P(r)), i=0,1, ..., s

FEATURE VECTORS X HAVE FOLLOWING PROPERTY: THE ORIGIN OF p-DIMENSIONAL
FEATURE SPACE

0=1¢(0,0, ..., 0)
WHERE ALL o FEATURES ARE ZERO, IS "MOST NOMINAL" OF ALL POSSIBLE

SAMPLES, SINCE IT INDICATES ALL SENSORS REMAINING AT CONSTANT LEVEL
DURING STEADY-STATE OPERATION

NON-ZERO VALUES OF FEATURES INDICATE DEVIATIONS FROM CONSTANT VALUE

TWELVE PIDS, WITH TWO FEATURES EACH, YIELD TWENTY-FOUR INPUTS TO
PATTERN CLASSIFICATION SOFTWARE
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NEURAL NETWORK ARCHITECTURE:

THREE LAYER FEEDFORWARD NETWORK TRAINED BY BACKPROPAGATION

L) NOTE:

BIOLOGICAL ANALOGY: UNIT = NEURON, CONNECTION = SYNAPSE

LAYER OF INPUT UNITS
(ONE FOR EACH FEATURE = 24 INPUT UNITS IN CURRENT MODEL)

LAYER OF HIDDEN UNITS
(8 - 12 UNITS IN A SINGLE LAYER FOUND TO BE SUFFICIENT SO FAR)

LAYER OF OUTPUT UNITS :
(ONE FOR NOMINAL-VS-ANOMALOUS DIAGNOSIS, OTHERS FOR FAULT TYPING)

EACH INPUT UNIT CONNECTS TO EACH HIDDEN UNIT, AND EACH HIDDEN UNIT
CONNECTS TO EACH OUTPUT UNIT '

CONNECTIONS BETWEEN UNITS CHARACTERIZED BY WEIGHTS
(CONNECTION STRENGTHS): EXCITATORY OR INHIBITORY

CAPABLE OF PERFORMING ANY MAPPING FROM INPUTS TO OUTPUTS

TRAINING ACCOMPLISHED BY BACKPROPAGATION OF ERROR

(WEIGHTS CHANGED AFTER EACH TRAINING PASS ACCORDING TO GENERALIZED
DELTA RULE)

CHOICE OF HOW MANY HIDDEN UNITS DETERMINED BY

NOT ENOUGH HIDDEN UNITS: IMPOSSIBLE FOR NETWORK TO PERFORM DESIRED
MAPPING ON TRAINING DATA

TOO MANY HIDDEN UNITS: NETWORK MAY OVER-SPECIALIZE ON

IDIOSYNCRACIES OF TRAINING DATA, FAILING TO FIND MORE GENERAL
FEATURES DISTINGUISHING DATA CATEGORIES
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NETWORK OUTPUT = CLASSIFICATION OF INPUT DATA

SINCE FIRST PRIORITY OF DIAGNOSTIC SYSTEM IS SHUT-DOWN DECISION
MAKING, ESSENTIAL CLASSIFIER OUTPUT HAS ONLY TWO VALUES:

ANOMALOUS (RECOMMEND SHUTTING.DONN ENGINE) OR
NOMINAL (RECOMMEND PROCEEDING AS USUAL)

MORE COMPLEX FORMS OF EVALUATION MAY PROVIDE

DESCRIPTION OF ANOMALY, WHETHER OF KNOWN FAILURE TYPE
WHICH ENGINE PARTS ARE INVOLVED

ESTIMATE OF SEVERITY

SIMILARITY TO DATA FROM PREVIOUS FAILURES

DEGREE OF CdNFIDENCE IN DIAGNOSIS

ANOMALY DETECTION VS. FAULT TYPING

FAULT TYPING REQUIRED IF SHUT-DOWN PROCEDURES DEPEND ON
FAILURE TYPE, OR NETWORK FORMS PART OF LARGER DIAGNOSTIC
SYSTEM (WHICH CALLS FOR MORE SPECIFIC DIAGNOSIS BY NETWORK)

WE HAVE EXPERIMENTED WITH FAULT-TYPING, TREATING EACH
ANOMALOUS TEST FIRING IN TRAINING SET AS REPRESENTING ONE

FAULT TYPE

CURRENT NETWORK CONFIGURATION HAS

AN OUTPUT UNIT TRAINED TO FIRE LOW IF NOMINAL AND HIGH IF
ANOMALOUS

ADDITIONAL OUTPUT UNITS FOR EACH FAULT TYPE
(I.E., ONE FOR EACH ANOMALOUS TEST FIRING IN TRAINING SET)

THUS WHEN TRAINING ON DATA INCLUDING FIVE ANOMALOUS FIRINGS,
WE EMPLOY SIX OUTPUT UNITS IN FEEDFORWARD NETWORK
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AVAILABLE NOMINAL AND ANOMALOUS DATA CURRENTLY VERY LIMITED

ONLY A HANDFUL OF TEST FIRINGS TO USE FOR TRAINING
(MORE NOMINAL DATA CAN EVENTUALLY BE OBTAINED FROM NASA, BuT
ANOMALOUS FIRINGS ARE RARE -- FORTUNATELY!)

EACH FIRING PROVIDES MANY DATA SAMPLES. HOWEVER SAMPLES FROM A
GIVEN FIRING TEND TO LIE ON A TRAJECTORY, EACH SAMPLE BEING CLOSE

TO PREVIOUS SAMPLE

o IMPOSSIBLE FOR THIS LIMITED QUANTITY OF DATA TO COME CLOSE TO SPANNING
' ENTIRE 24-DIMENSIONAL POTENTIAL INPUT SPACE
(IN 24-DIMENSIONAL SPACE MOST POINTS ARE VERY FAR APART. THE NUMBER OF
QUADRANTS IN 24-space Is 2 = 16,777,216)

) GENERALIZATION TO NEW DATA REQUIRES BOTH INTERPOLATION AND
EXTRAPOLATION

COMPLETE DECISION BOUNDARY BETWEEN NOMINAL AND ANOMALOUS REGIONS
CANNOT BE UNIQUELY DETERMINED FROM ANY FINITE AMOUNT OF TRAINING

DATA

NETWORK MUST BE TRAINED APPROPRIATE RESPONSE TO UNPRECEDENTED
INPUT DATA

UNLESS NEW ANOMALOUS FIRING VERY SIMILAR TO ONE OF TRAINING
FIRINGS, NEW ANOMALOUS DATA WILL NOT RESEMBLE OLD ANOMALOUS DATA
ANY MORE THAN IT RESEMBLES OLD NOMINAL DATA

NEED TO MAKE ASSUMPTIONS ABOUT SHAPE OF NOMINAL REGION TO BE
MAPPED OUT BY ANOMALY DETECTION SYSTEM, IMPOSE THESE ASSUMPTIONS
ON TRAINABLE CLASSIFIER

A BASIC ASSUMPTION WILL LEAD TO DETECTION OF NEW FAULT TYPES:
ANY NEW DATA SUFFICIENTLY DIFFERENT FROM ALL PREVIOQUSLY
ENCOUNTERED NOMINAL DATA TO BE CONSIDERED ANOMALOUS

TO FORCE FEEDFORWARD NEURAL NETWORK TO CATEGORIZE NEW DATA IN
ACCORDANCE THIS ASSUMPTION, IT HAS BEEN FOUND ADVANTAGEQUS TO ADD
IMITATION NOMINAL AND ANOMALOUS TRAINING DATA TO

TRAINING DATA FROM ACTUAL SSME FIRINGS
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GENERATE IMITATION DATA RANDOMLY DISTRIBUTED THROUGHOUT SUITABLE PART
OF INPUT SPACE

¢ IMITATION ANOMALOUS DATA EITHER RANDOMLY DISTRIBUTED (WHICH PLACES
IT GENERALLY FAR OUT IN INPUT SPACE) OR WITH VALUES OF SOME
COMPONENTS NEAR KNOWN FAULT READINGS)

. IMITATION NOMINAL DATA WITHIN EXPECTED RANGES OF NOMINAL FEATURES
(CURRENTLY LIMITED EXPERIENCE WITH ADDING GENERATED NOMINAL DATA)

COMBINE RANDOM DATA WITH GENUINE NOMINAL AND ANOMALOUS DATA FOR
TRAINING

TRAIN NETWORK TO CATEGORIZE GENERATED ANOMALOUS DATA AS ANOMALOUS,
GENERATED NOMINAL DATA AS NOMINAL

o TASK OF RECOGNIZING GENERATED DATA FORCES NETWORK TO LEARN
BOUNDARIES OF EXPECTED NOMINAL REGION
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SOME FINDINGS AT INTERMEDIATE STAGE IN OUR RESEARCH

NEURAL NETWORK CLASSIFIER IS ALWAYS CAPABLE OF LEARNING TRAINING
DATA WITH VIRTUALLY 100% ACCURACY, OUTPUTTING "NOMINAL" WHEN FED
NOMINAL DATA, AND "ANOMALOUS" WHEN FED ANOMALOUS DATA

GENERALIZING TO NEW (UN-TRAINED) ANOMALOUS FIRINGS HAS BEEN
SYSTEMATICALLY UNDERTAKEN ACCORDING TO SINGLE HOLD-OUT PRINCIPLE:

) TRAIN NETWORK ON ALL TRAINING DATA (TO INCLUDE GENUINE DATA
FROM NOMINAL AND ANOMALOUS TEST FIRINGS AS WELL AS SOME
IMITATION ANOMALOUS DATA), EXCEPT FOR DATA FROM ONE TEST
FIRING DELIBERATELY WITHELD

. TEST SAME NETWORK ON DATA FROM FIRING WHICH WAS WITHELD FROM
TRAINING

NETWORK HAS DEMONSTRATED ABILITY TO CORRECTLY CLASSIFY THIS DATA
THAT IS NEW TO IT AS NOMINAL UP UNTIL FAULT-DECLARE TIME, AND
ANOMALOUS THEREAFTER

POSITIVE RESULT OF GENERALIZATION IS CONTINGENT ON TRAINING WITH
RANDOM IMITATION ANOMALOUS DATA (OTHERWISE NEW DATA IS ALWAYS
CLASSIFIED AS NOMINAL)

FAULT-TYPING (ACTIVATIONS OF ADDITIONAL OUTPUT UNITS) IS LEARNED
CORRECTLY FOR TRAINING DATA, BUT NEW DATA IS NEVER CLASSIFIED AS
BELONGING TO ANY PREVIOUS FAULT-TYPE

NOW WHEN GENERALIZATION IS NOT SUCCESSFUL, CHIEF PROBLEM IS FALSE
ALARMS (CLASSIFICATION OF NEW NOMINAL DATA AS ANOMALOUS)
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AN APPROACH_HAS BEEN FOUND FOR RECOGNIZING WHEN A FALSE-ALARM IS
DEPENDENT ON FEATURES CORRESPONDING TO SINGLE PID, AND IMMEDIATELY
DETERMINING WHICH PID IS RESPONSIBLE:

. MULTIPLE COPIES (ONE FOR EACH PID) OF EACH FEATURE VECTOR ARE
SEPERATELY FED THROUGH NETWORK

. EACH COPY IS ALTERED BY HAVING FEATURES CORRESPONDING TO ONE OF
PIDS REPLACED WITH ZEROS (REMEMBER THAT FOR CURRENT FEATURES, ZERO
MEANS NO-CHANGE, AND NON-ZERQ INDICATES DEVIATION FROM CONSTANT
STEADY-STATE VALUE)

¢ NETWORK OUTPUTS FOR EACH COPY SHOW WHAT CLASSIFICATIONS WOULD BE
IF EACH PID IN TURN INDICATED NO CHANGE

. ZEROING OUT PID RESPONSIBLE FOR FALSE ALARM RESULTS IN CORRECT
CLASSIFICATION AS NOMINAL UP UNTIL FAULT-DECLARE TIME, AND
ANOMALOUS THEREAFTER

. SUCH RESULTS SUGGEST POSSIBILITY OF INCORPORATING VOTING SCHEME
INTO MAKING CLASSIFIER OUTPUT MORE ROBUST WITH RESPECT TO FALSE
ALARMS CAUSED BY ANY SINGLE FEATURE, IF IT IS FOUND APPROPRIATE TO
REQUIRE MORE THAN ONE PID TO MANIFEST SYMPTOMS BEFORE MAKING AN
ANOMALOUS CLASSIFICATION, OR SIMPLY AS AID TO ISOLATING POSSIBLE
SENSOR FAILURES
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WORK IN PROGRESS

FURTHER TRAINING AND TESTING OF FEEDFORWARD NEURAL NETWORKS,
EMPLOYING SEVERAL NEW KINDS OF SIMULATED OR MODIFIED SUPPLEMENTARY

TRAINING DATA:

GENERATE SIMULATED / MODIFIED DATA DYNAMICALLY DURING
TRAINING, RATHER THAN PUTTING INTO TRAINING DATA FILE AND
USING REPEATEDLY (MUCH MORE EVEN COVERAGE OF FEATURE SPACE)

RESTRICT RANDOM SIMULATED ANOMALOUS DATA TO STAY QUTSIDE OF
REGIONS ASSUMED TO BE NOMINAL (REQUIRE MINIMUM LENGTH FOR
ANOMALOUS FEATURE VECTORS, ETC --- MAY DECREASE FALSE-ALARMS)

USE RANDOMLY GENERATED NOMINAL DATA CLOSE TO ORIGIN
(JUSTIFICATION: NO GENUINE ANOMALOUS FEATURE VECTORS HAVE
BEEN OBSERVED WITHIN A CERTAIN RADIUS OF ORIGIN, BUT FALSE
ALARMS HAVE OCCURRED THERE)

MODIFY GENUINE NOMINAL FEATURE VECTORS BY REPLACING SOME
COMPONENTS WITH ZERO VALUES (TO PREVENT FALSE ALARMS DUE TO
MISSING SENSORS, AND TO FILL OUT NOMINAL REGION IN ACCORDANCE
WITH ASSUMPTION THAT IN STEADY-STATE CONTEXT, UNCHANGING
SENSOR VALUE SHOULD NOT CAUSE FEATURE VECTOR TO BE REGARDED
AS ANOMALOUS)

MODIFY GENUINE ANOMALOUS FEATURE VECTORS IN SAME WAY (TO MAKE
ANOMALY DETECTION MORE ROBUST, NOT DEPENDENT ON ANY SINGLE
PID, TO GUARANTEE DETECTION EVEN USING TESTING METHOD
SUGGESTED ABOVE IN WHICH APPARENT ANOMALY DUE TO ONLY ONE PID
MAY NOT BE ENOUGH TO WARRANT ENGINE SHUT-DOWN)
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¢ EXPERIMENTING WITH VARIATIONS IN TRAINING TECHNIQUE AND NETWORK
ARCHITECTURE, ESPECIALLY RECURRENT NETWORKS:

¢ RECURRENT NETWORKS DESIGNED TO CLASSIFY TIME SERIES DATA

o ACTIVATIONS OF HIDDEN UNITS FEED BACK TO RETAIN MEMORY FOR
CLASSIFYING SUBSEQUENT INPUTS IN .TIME SERIES CONTEXT

¢ AUTOMATICALLY LEARNED INTERNAL FEATURES OF RECURRENT NETS MAY
BE USEFUL ADDITION OR ALTERNATIVE TO OUR EXPLICITLY COMPUTED
CHANGE-MEASURING FEATURES
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USING SOME GEOMETRICAL PERSPECTIVES ON THE PROBLEM, EXPERIMENTING
WITH PLAUSIBLE ALTERNATIVE METHODS FOR EXTRAPOLATING FROM TRAINING
DATA TO DETERMINE BOUNDARIES OF NOMINAL REGION IN 24-DIMENSIONAL
VECTOR SPACE:

LENGTHS OF FEATURE VECTORS (x.e. DISTANCE FROM ORIGIN) FOUND
TO BE GOOD INDICATORS OF TRANSITIONS FROM NOMINAL TO
ANOMALOUS DATA

NOMINAL REGION COULD BE CHARACTERIZED BY ESTABLISHING MAXIMUM
LENGTH FOR NOMINAL FEATURE VECTORS IN ANY GIVEN DIRECTION

DETERMINE THESE MAXIMUM LENGTHS FOR TRAINING DATA, GENERALIZE
TO NOVEL DATA BY VARIATION ON NEAREST NEIGHBOR PRINCIPLE,
DEFINING NEARNESS ACCORDING TO ANGLES BETWEEN VECTORS

INITIAL IMPLEMENTION OF THIS APPROACH USES SEQUENTIAL
ALGORITHMS, COULD BE IMPLEMENTED IN PARALLEL (ALONG SIMILAR
LINES AS THE PROBABILISTIC NEURAL NETWORK, WHICH ALSO
RESEMBLES NEAREST NEIGHBOR CLASSIFIER)
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Graph of Neural Network Output for Novel Data

A neura! n=twork was trained on data from all test firings =xcept 901-249, plus randomly
generated anomalous data. The graph shows the activation of the nominal-versus-
anomalous output unit when the network was tested on firing 901-249.

The network clearly begins to detect an anomaly around 328 seconds, a few seconds afte

symptoms began to occur according to Failure Investxgatxon Summary. The SSME was
not actually shut down until 450.58 seconds, after massive damage had occurred.
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Example of a "False-Alarm” in Generalization to Novel Data

Network was trained by holding out only the anomalous firing 901 436, and tMted on
+ha! firing. The actual fault did not occur until €10 senonds, ant easly warning oo wariy
as shown on this graph does not appear to be realistic. Therefore this must bz regard:zd

as a false alarm.
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Result of zeroing out features for PID 24
in the same "False Alarm" case

The time at which the graph of the "deviant" output unit finally goes above .6 is now
precisely the fault-declare time determined by analysis for the novel ancmaious firicg
901-435. (PID 24, and the two features calculated were in fact out of range for the

training firings.)
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NEUROCONTROL AND FUZZY LOGIC: CONNECTIONS AND DESIGNS

by Paul J. Werbos
Room 1151, National Science Foundation
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ABSTRACT

Artificial neural networks (ANNs) and fuzzy logic are complementary technologies. ANNs
extract information from systems to be learned or controlled, while fuzzy techniques mainly use
verbal information from experts. Ideally, both sources c;f information should be combined. For
example, one can learn rules in a hybrid fashion, and then calibrate them for better whole-system
performance. ANNs offer universal approximation theorems, pedagogical advantages, very high-
throughput hardware, and links to neurophysiology. Neurocontrol -- the use of ANNs to directl;
control motors or actuators, etc. -- uses five generalized designs, related to control theory, \;/hich can
work on fuzzy logic systems as well as ANNs. These designs can: copy what experts do instead of
what they say; learn to track trajectories; generalize adaptive control; maximize performance or
minimize cost over time, even in noisy environments. Design tradeoffs and future directions are

discussed throughout.

This represents personal views only, not the official views of NSF. ltis forthoom'ing in a special
issue of IWJAR. As government work, it is legally in the public domain.
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This paper will maj
to directly control mbtors, actuators, muscles or other kinds of overt physical action. It will also
discuss the relatigh between artificial neural networks (ANNs) and fuzzy logic, and how best to

combine them.

NNs and Fuzzy Logic in General
) ~

Neurocontrol is still a small part of the greater neural network community. Most people use
ANNss for applications like pattern recognition, diagnostics, risk analysis, and so on. They mostly
use ANNSs to learn static mappings from an "input vector," X, to a "target vector," Y. For example,
X might represent the pixels which make up an image, while Y might represent a classification of
that vector. Given a training set made up of pairs of X and Y, the network can "learn" the x.i)apping,
by adjusting its weights so as to perform well on the training set.

This kind of learning is called "supervised learning.” There are many forms of supervised
learning used by different researchers, but the most popular is basic backpropagation[1]. Basic
backpropagation is simply a unique implementation of least squares estimation. In basic
backpropagation, one uses a special, efficient technique to calculate the derivatives of square error
with respect to all the weights or parameters in an ANN; then, one adjusts the weights in proportion
to these derivatives, iteratively, until the derivatives go to zero. The components of X and Y may
be 1’s and 0, or they may be continuous variables in some finite range.

Fuzzy logic is also used, at times, to infer well-defined mappings. For example, if X is a set of
data characterizing the state of a factory, and Y represents the presence or absence of various
breakdowns in the factory, then fuzzy rules and fuzzy inference may be used to decide on the

likelihood that one of the breakdowns may be present, as a function of X.

Which method is better to use, when?
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The simplest answer to this question is as follows: since ANNs extract knowledge from 4eeining

vied o5 trainirg seds whith Sovrte of Uniledge
databasesyand fuzzy logic extracts rules from human experts, we should simply decide whe we trust
more, in the particular application. (When in doubt, we can try both and try for an evaluation after
the fact.) In principle, empirical data represents the real bottom line while expert judgment is only
a secondary source; however, when the empirical data is too limitgd to allow us to learn complex
relations, expert judgment may be all we have.

Ih many applications, there are some parts of the préblem for which we have adequate data,
and others for which we do not. In that case, the practical approach is to divide the problem up,
and use ANNs for part and fuzzy logic for another part. For example, there may be an
intermediate proposition R which has an important influence on Y; we may build a neural net to
map from X to R, and a fuzzy logic system to map X and R into Y, or vice-versa. Amangr et al[2],
for example, have built a speech recognition system in which ANNs detect the features, and a fuzzy
logic system goes on to perform the classification. Many people building diagnostic systems have
taken similar approaches[3].

In the current literature, many peopls are using fuzzy logic as a kind of organizing framework,
to help them subdivide a mapping from X to Y into simpler partial mappings. Each one of the
simple mappings is associated with a fuzzy "rule” or "membership function” ANNSs or neural
network learning rules are used to actually learn all of these mappings. There are a large number

\(o:uo't Workt ia s orean 8 porticlerly ooy,
of papers on this approach, reviewed in [4]., Because these are typically very simple mappings -
with only one or two layers of neurons - we can choose from a wide variety of neural network
methods to learn the mappings; however, since the ANNs only minimize error in learning -the
individual rules, there is no guarantee that they will minimize error in making the overall inference

from X to Y. This approach also requires the availability of data in the training set for all of the

intermediate variables (little R) used in the partial mappings. Strictly speaking, this approach is a
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special case of the previous paragraph; in the general case, some rules can be learned while others
come from experts.

Many people in fuzzy logic might say that fuzzy logic is more than just rules and inference.
There is also such a thing as fuzzy learning. In fact, much of the neural network literature on
learning (like backpropagation[1]) applies directly to any well-behaved nonlinear network. It can
be applied directly to the inference structures used in fuzzy logic. We could easily get into a
situation where fuzzy logic people and neural network ;;eople use the exact same mathematical
recipe for how to adapt a particular network, and use different names for the same thing.
Personally, I would prefer to focus on the generalized mathematical learning rules, so that we can
speak a more universal language, and avoid distinctions without a difference.

There are some problems which cannot be easily subdivided into expert-based parts and
learning-based parts. For example, there are theories of international conflict which involve a rich
structure, containing a large number of parameters known with varying degrees of confidence; it is
important to expose the entire structure to the discipline of historical testing ("backcasting” and
"calibration"). In situations like that, the best procedure is to combine fuzzy logic and learning. (In
Bayesian terms, one would regard this as a convolution of prior and posterior knowledge, to
determine the correct conditional probabilities, conditional upon all available information.) For
example, we can use fuzzy logic and interviews with experts to deri\;e an initial structure, and
estimates of uncertainty. Then, one can use generalized backpropagation directly to adjust the
weights (or uncertainty levels or other parameters) in that network. We can even use

backpropagation to minimize an error measure like:

E - XE-%r +« XCW, - WOy, M

i

where C, is the prior degree of certainty about parameter W, and W@ is the prior estimate of the
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parameter. This kind of convolution approach could also be applied, of course, to the learning of
independent rules or membership functions, as described in [4]. In a recent meeting to discuss long-
term strategic planning issues, I suggested a two-stage approach: (1) build up an initial inference
system or model using conventional techniques, which adapt individual rules or equations; (2) then -
- after assessing degrees of certainty —~ adjust all of the weights in a "calibration™ phase, using
backpropagation to make sure that the overall structure adequately fits the overall structure in
historical data. |

So far as I know, the idea of applying backpropagation to a fuzzy logic network was first
published in 1988[5]. Matsuba of Hitachi, in unpublished work, first proposed the use of equation
1. Backpropagation is important in this application, because it can adapt multilayer structures.

Backpropagation cannot be used to adapt the weights in a more conventional, Bool-'éa.r'x-logic
network. However, since fuzzy logic rules are differentiable, fuzzy logic and backpropagation are
more compatible. Strictly speaking, it is not necessary that a function be everywhere differentiable
to use backpropagation; it is enough that it be continuous and be differentiable almost everywhere.
Still, one might expect better results from using backpropagation with modified fuzzy logfcs, which
avoid rigid sharp corners like those of the minimization operator.

One reason for liking fuzzy logic, after all, is that it can do a better job than Boolean logic in

representing what actually exists in the mind of a human expert. This being so, modified fuzzy

logics -- which are even smoother -- may be even better. Fu[6] has gotten good results applying
beth pnpbso-""" "

Forry-topie to simple fuzzy logic structures (using special rules to handle the corner points), while
Hsu et al[7] have proposed a modified logic. Presumably the fuzzy logic literature itself includes
many examples of smooth, modified fuzzy logics. Among the obvious possibﬂitiés are: (1) to use

simple ANNs themselves in knowledge representation; (2) to use functional forms similar to those

used by economists, in production functions and cost functions, with parameters to reflect the
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importance, the complementarity and the substitutability of different inputs.

Fuzzy logic has the advantage that it can be applied in a flexible way, using a different inference
structure for each case in the training set. This inference structure may cé)ntain logic loops, which
go beyond the capability of what ANN people call "feedforward” networks. The inference structure
may be a "simultaneously recurrent” network. Nevertheless, backpropagation can be used on such
inference structures (using the memory-saving methods in [8]) to calculate the derivatives of error
with respect to every parameter, at a cost less than the cost of invoking the inference structure a
single time. Thus one can use backpropagation here as well. Hybrid systems like this may be too
expensive to justify for unique applications, but they make considerable sense in generalized
software systems. |

When complex inference is required, in fuzzy logic as in conventional logic, the des'i'gh'of an
inference engine can be very tricky. Neurocontrol systems may be used, in essence, as inference
engines. In fact, I would argue that this is precisely how the human brain does inference -- that the
true "deep structure” of language is a collection of neural nets which learn, through experience, how
to perform more and more effective inference (in a nonBoolean environment). Inference may be
more difficult than other forms of control problem; however, there are parallels between
neurocontrol systems and existing inference engines which suggest some real possibilities here.

Stinchcombe and White have proven (IICNN 1989) that conventional ANNs can represent
essentially any well-behaved nonlinear mapping. However, in applications of ANNs, many
researchers have begun to encounter the limitations of any static mapping. In recognizing dynamic
patterns[1), like speech or moving targets, or in real-world diagnostics[9], it is often necessary to add
memory of the past. As one adds such memory, it becomes more and more important to build up
robust dynamic models of the system to be analyzed or controlled. Neural networks can do this[10],

in part by adapting intermediate features and developing representations which an expert might not
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have thought of.

Neurocontrol in General

In 1988, neurocontrol was just beginning a major period of growth. At that time, NSF
sponsored a workshop on neurocontrol at the University of New Hampshire, chaired by W. Thomas
Miller[11], who brought together a small, mixed group of neural ne;twork people, control theorists
and experts in substantive application areas. In the very éarly part of that workshop, a few people
echoed the old arguments about who is better -- control theorists or neural networkers. Within a
very short time, however, it became apparent that this issue was utterly meaningless, It was
meaningless because it revolved about a distinction without a difference. The reason for this is
illustrated in Figure 1.
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INSERT FIGURE 1 (VENN DIAGRAM)
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Figure 1 is a Venn diagram, telling us that neurocontrol is a sﬁbset both of neural network
research and of control theory. In the course of the workshop, it became apparent that the existing
work in neurocontrol could be reduced to five fundamental design strategies, each of which occurred
over and over again, with variations, in numerous papers. (Individual papers tend to highlight their
unique aspects, of course.) All five turned out to be generic approaches which could be applied to
any large, sparse network of differentiable functions or to an even larger class of networks. One
may call these "functional networks,” as opposed to neural networks. All five methods could be fully
understood as generic methods within control theory. By remembering that neurocontrol is a subset
of both disciplines, we are in a position to draw upon both disciplines in developing more advanced

designs and applications.
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This situation is particularly important to fuzzy logicians, because the inference structures of
fuzzy logic are themselves functional networks. In this paper, I will present numerous boxes labelled
as "neural networks," but every such box could just as easily be filled in with a fuzzy inference
structure varying over time. In other words, every one of the five "neurocontrol” methods can also
be applied directly to fuzzy learning as well. In practice, one would often want to fill in different
boxes with different things -- perhaps an ANN for one box, a hybrid neural/fuzzy map (as described
in the previous section) for another, and a conventional %ixed algorithm for a third. This kind of
mixing and matching is quite straightforward, once one understands the basic principles.

Why should we be interested at all in the special case where the functional network is built up
from the tradi'tionalr kinds of artificial neurons? Why should we be interested in functional forms

close to the conventional form used in ANNs[1]:
x, = (Y Wx), ()
where:

s@) - — ? 3)

l1+e”

(Here, x, represents the "output” or "activation” of a model neuron, while W, represents a "weight"
or "parameter” or "connection strength” or "synapse strength.")

There are at least four reasons for paying attention to the special case represented by neural
networks: (1) the universal mapping theorems of White and Gallant and others; (2) the availability
of special purpose computer hardware; (3) the pedagogical value of the special case; and (4) the
link to the brain.

The theorems of White and others have excited great interest in the control community, because
they show that conventional ANNs do éomething very similar to what Taylor series do -- provide

a basis for approximating an arbitrary nonlinear function. As with Taylor series, the nonlinearity
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is very simple, offering a hope of workable practical tools.

The availability of special purpose computer hardware is a decisive factor in favor of ANNEs.
There are many cases where a task can be done equally well using conventional sequential methods
or neural nets, and where both approaches involve a similar degree of computational complexity.
(For example, there are cases where an ANN can simply be trained to mimic the input-output
behavior of an existing algorithm.) In such cases, ANNs may have a decisive advantage in real- -
world implementation, because of the hardware.

Intel, for example, -recently produced a neural net chip -- now publicly available -- under
encouragement from the U.S. Navy at China Lake (with some NSF support acknowledged in.the
documentation). David Andes of China Lake has stated that one handful of these chips has more
computational power than all of the Crays in the world put together. This is critical in app-lications
where it is acceptable to add on a few extra chips, but not to haul along a Cray. Other companies -
- such as Syntonics in the U.S. and Oxford Computing in England - have also come up with
impressive chips. Users without the technical knowledge (or clients) to wire up chips have reported
that the neural board by Vision Harvest, Inc. (which includes a special-purpose chip) offers some
of the same advantages. More and more products of this sort may be expected, especially if the
optical approach reaches maturity.

Fuzzy logic chips have also been developed. However, because of the complexity of fuzzy logic,
as normally practiced, these chips cannot take advantage of parallel distributed architecture as much
as neural chips do. At the recent conference in Houston on neural nets and fuzzy logic, the
Japanese developer of one of the leading fuzzy chips stated unequivocally that one could expect far
more computational throughput from a neural chip than from a fuzzy chip.

Harold Szu of the Naval Research Laboratories has often argued that digital parallel computers

constitute the real "fifth generation"” of computers, as far beyond current PCs as the PCs are beyond

161



the old LSI mainframes. In a similar vein, He argues that fixed-function, analog distributed
hardware -- either VLSI or optical -- represents a sixth generation. The NSF program in
neuroengineering got its start when people like Carver Mead[12] -- often viewed as the father of
all VLSI -- and people like Psaltis and Farhat and Caulfield (famous in optical computing) argued
that this sixth generation could achieve a thousand-fold or million-fold improvement in throughput
over even the fifth generation. The challenge was to find a way to use this hardware in a truly
general-purpose way. That is the goal which led to the neuroengineering program at NSF. Some

engineers would simply define_an ANN as a general-purpose system capable (in principle) of

efficient implementation in such hardware.

A third reason for being interested in neural networks as such is their pedagogical value. The
importance of this should not be underestimated. For example, when I first p'ublished
backpropagation as a generalized method for use with any functional network, it received relatively
little attention, in part because the mathematics were unfamiliar and difficult. Later, when several
authors (including myself) presented it as a method for use with simplified ANNs -- with interesting
interpretations, with nice flow charts using circles and lines, and with easy-to-use software packages
(exploiting the simplicity which comes from giving the user no choice of functional form) -- the
method became much better known[13). Even now, for many people, it is easier to Jearn how to
use a new design in the ANN special case, and then generalize this knowledge, than it is to start
with the purest, most general mathematics. The explosion of interest in neural networks has also

5‘-‘“ sreunds
been very useful in motivating a new generation of graduate students, with diverse mathamasios, to
learn the relevant mathematics. The effort to attract graduate students from diverse and
nontraditional backgrounds -- especially women and minorities - is now a major national priority,

because of the changing composition of the young adult population in the United States.

A fourth reason for being interested in neurocontrol is the desire to be explicit about the link
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to the human brain. This link can be useful in both directions -- from engineering to biology, and
from biology to engineering.

The output of the human brain as a whole system is the control over muscles (and other
actuators), as illustrated in Figure 2. Therefore the function of the brain as a whole system is
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INSERT FIGURE 2 (BRAIN)
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control, over time, so as to influence the physical environment in a desired direction. Control is
not part of what goes on in the brain; it is the function of the whole system. Even though lots of
pattern recognition and reasoning and so on occur within the brain, they are best understood as
subsystems or phenomena within a neurocontroller. To understand the subsystems and phenomena,
it is most important to understand their function within the larger system. ~In short, a better
understanding of neurocontrol will be crucial, in the long-term, to a real understanding of what
happens in the Brain. (For a more concrete discussion of this, see [10].) Because the mathematics
involved are general mathematics, they should be applicable to chips, to neurons, and to any other
substrate we are capable of imagining to sustain intelligence.

The brain js living proof that it is possible to build an analog, distributed controller which is
capable of effective planning (long-term bptimization) under condi-tions of noise, qualitative
uncertainty, nonlinearity, and millions of variables to be controlled at once, all with a very low
incidence of falling down or instability. Control at such a high level necessarily includes pattern
recognition and systems identification as subsystems. Table 1 compares the five major design
strategies now used in neurocontrol against the four most challenging capabilities of the brain of

engineering importance.
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INSERT TABLE 1 (Matrix of capabilities versus methods)
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Table 1 was developed two years ago[11], but it still applies to all the recent research which I
am aware of (except that a very few clever researchers like Narendra have developed interesting
ways to combine some of these approaches). Supervised control is the strategy of building a neural

network which imitates a pre-existing control system; this is like expert systems, except that we copy

what a person says instead of what he does, and can operate at higher speed. Direct inverse control
builds neural nets which can follow a trajectory specified by a user or a higher-level system. Neural
adaptive control does what conventional adaptive control does, but it uses neural networks for the
sake of nonlinearity and robustness; for example, an ANN may learn how to track an external
Reference Model (as in conventional MRAC design). Backpropagating utility and adaptive critics
are two techniques for optimal control over time -- to maximize utility or performance, or to
minimize cost, over time. All five will be discussed in more detail in later sections.

Table 1 does suggest that we are now on a well-defined path to duplicating the most important
capabilities of the human brain. However, the human brain is more than just a set of cells and
learning rules.-It is also a very large mass of cells. For the next few years, it may be better to think
of ANNG as artificial mice (at best) rather than artificial humans. Mice are magnificent at some
very difficult control and even planning tasks, but they are not very good at calculus (or is it that
they don’t pay attention?). Artificial humans are certainly possible, in my view, but there are many
reasons to move ahead one step at a time. Personally, I find myself most interested in the last
rgroup of methods, because of its importance to understanding true intelligence; however, there are
many engineering applications where it pays to use a simpler approach, and the brain itself may be

a hybrid of many approaches.
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Areas of Application

Four major areas have been discussed at length [10,11] for possible applications of neurocontrol:
o Vehicles and structures |
o Robots and manufacturing (especially of chemicals)
o Teleoperation and aid to the disabled
o Communications, computation and general-purpose modeling (e.g. economics)
This paper cannot describe all these areas in depth, but a few words may be in order.

In vehicles and structures, the aerospace industry has been a leader in applying these concepts.
Unfortunately, the most exciting applications remain proprietary. NSF has been mainly interested
in sponsoring high-risk applications which in turn serve as risk-reducers in high-risk projects of
economic importance. Risk reduction comes from providing an alternative, back-up app‘roach to
solving very difficult problems which conventional techniques may or may not be adequate to solve.
The National Aerospace Plane is a prime example. The goal is pot to replace humans in space, but
to improve the economics required to make the human settlement of space a realistic possibility.
In October of 1990, NSF and McDonnell-Douglas are planning to jointly sponsor a technical
workshop on Aerospace Applications of Neurocontrol, which will hopefully serve to advance this
area. Barhen of the Jet Propulsion Laboratory has discussed a possible $15 million per year
initiative on neural networks from NASA, with a control component. Ideally, there should be
NSF/NASA cooperation here, so as to stimulate the development and testing of the most advanced
forms of neurocontrol.

The chemical industry has also been quite active. Major sessions have been held at the
American Control Conference and at the annual meetings of the chemical societies on this topic.
The Chemical Reaction Processes program at NSF is also planning a workshop in October, focusing

on neurocontrol, and laying the groundwork for expanded activity. The Bioengineering and Aid to
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the Disabled program has recently held a broad workshop, to prepare for its approved initiative in
this general area.

All of these new activities were motivated by interests expressed in the engineering community
itself. There are many cases where industry or industry-oriented researchers are coping with

fundamental issues which mainstream academics are barely beginning to address.

Supervised Control and Conventional Fuzzy Control

In the usual expert systems approach, a control strategy is developed by asking a human expert
how to control something. Supervised control is essentially the ANN equivalent of that approach.

In supervised control, the first task is to build up a training set -- a database -- which consists
of sensor inputs (X) and desired actions (u). Once this training set is available, there a-re many
neural network designs and learning rules (like basic backpropagation) which can learn the mapping
from X to u.

Usually, the training set is built up by asking a human expert to perform the desired task, and
recording what the human sees (X) and what the human does (u). There are many variations of
this, of course, depending on the task to be performed. (Sometimes the input to the human, X,
comes from electronic sensors, which are easily monitored; at other times, it may be necessary to
develop an instrumented version of the task, using teleoperation technology, as a prelude to building
the database.) The goal is essentially to "clone™ a human expert.

Supervised control has two other applications besides cloning a human expert. First, it can
generate a controller which is faster than the expert. For example, a human might be asked to fly
a slowed-down simulated version of a new aircraft. The ANN could then be implemented on a

neural net chip, which allows it to operate at a higher speed -- higher than what a human could keep

up with. Second, it can be used to create a compact, fast version of an existing automated
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controller, developed from expert systems or control theory, which was too expensive or too slow
to use in real-time, on-board applications. Supervised control is similar, in a way, to the old
"pendant” system used to train robots; however, unlike the pendant system, it learns how to respond
to different situations, based on different sensor input.

When should we use supervised control, with ANNs (or other networks), and when should we
use fuzzy knowledge-based control?

Knowledge-based control is like following what a person says, while supervised control is like
copying what the person does. Parents of small children may remember the famous plea: "Do what
I say, not what I do." Knowledge-based systems obey this injunction. Supervised controllers do not.

There are many tasks where it is not good enough to ask people what they do, and follow those
rules. For example, if someone asked you how to ride a bicycle, and coded those rules L;p into a
fuzzy controller, the controller would probably fall down a lot. Your system would be like a child, -

who just started riding a bicycle, based on rules he learned from his mother. The problem is that

your knowledge of how to ride a bicycle is stored "in your wrists,” in your cerebellum and in other
parts of your brain which you can’t download directly into words. A supervised controller can
imitate what you do, and thereby achieve a more mature, complete and stable level of performance.
(This may be one reason why children have evolved to be so imitative, whether their parents like
it or not.) Other forms of ANN control can go further, and learn to do better than the human
expert; however, it may be best to initialize them by copying the human expert, as a starting point,
in applications where one can afford to do so.

The example here does not tell us that neurocontrol should be preferred over fuzzy logic in all
cases. As with the problem of learning a mapping, discussed above, the theoretical optimum is to
combine knowledge-based approaches and ANN approaches. As a practical matter, the theoretical

optimum is often unnecessary and too expensive to implement. However, there are tasks which are
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too difficult to do in any other way.

As an example, consider the problem of learning how to do touch-typing. Even a human being
cannot learn to do touch-typing simply by hunting and pecking, and gradually increasing speed. In
a technical sense, we would say that the problem of touch-typing is fraught with "local minima,” such
that even the very best neural network -- the human brain -- can get stuck in a suboptimal pattern
of behavior. To learn touch typing, one begins with a @c_h_g, who explicitly conveys rules using
words. Then one fine-tunes the behavior, using neural learning. Then one learns additional rules.
Only after one has initialized the system properly -- by learning all the rules -- can one rely solely
on practice to improve the skill. Morita et al[14] have shown how a two-stage approach -
knowledge-based control followed by backpropagation-based learning - can improve performance,
in certain supervised control problems. There are other ways to deal with local minima, i:ut they
complement the use of symbolic reasoning, rather than compete with it.

Advanced practitioners of supervised control no longer think of it as a simple matter of mapping
X(t), at time t, onto u(t). Instead, they use past information as well to predict u(t). They think of
supervised control as an exercise in "modeling the human operator.” The best way to do this is by
using neural nets designed for robust modeling, or "system identification,” over time. There is a
hierarchy of such ANN designs, the most robust of which has yet to be applied to supervised
control{10].

Supervised control with an ANN was first performed by Widrow[15]. Kawato, in conversation,
has stated that Fuji has widely demonstrated working robots based on supervised control. Many

other applications have been published.

Direct Inverse Control
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Direct inverse control is a highly specialized method, used to make a plant (like a robot arm)
follow a desired trajectory, a trajectory specified by a human being or by a higher-order planninj
system. The underlying idea is illustrated in Figure 3.
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INSERT FIGURE 3 (Direct Inverse Control)
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Let us suppose, for example, that we had a simple robot arm, controlled by two jc;ints. One
joint controls the angle 6,, and the other determines 8, Our goal is to move the robot hand to a
point in two-dimensional space, with coordinates X, and X,. We know that X, and X, are functions

of 6, and 8,. Our job, here, is to go backwards -- for given (desired) X, and X,, we want to calculate

the 8, and 6, which move the hand to that point. If the original mapping from @ to'X_ were
invertible (i.e., if a unique solution always exists for 8, and 8,), then we can try to learn this inverse
mapping directly.

To do this, we simply wiggle the robot arm about for awhile, to get examples of 8,, 6,, and the
resulting X, and X,. Then we adapt a neural network to input X, and X, and output 6, and 6,. To

use the system, we plug in the desired X, and X, as input.

Miller[11] has used direct inverse control to achieve great accuracy (error less than 0.1%) in
controlling an actual, physical Puma robot. Morita[14] has used direct 'inverse control with a fuzzy
network, but with an ANN learning rule, and claims that this is better than supervised control for
the same problem.

In direct inverse control, as in supervised control, it works better to think of the mapping'
problem in a dynamic context[10], to get better results. This may explain why Miller has gotten
better accuracy than many other researchers using this method. (For example, some authors report

positioning errors of 4% of the work space. Miller’s method may be like getting 4% error in
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reducing the remaining gap between the desired position and the actual position; as that gap is
reduced from one time step to the next, it should go to zero quite rapidly.)

Direct inverse control does not work when the original map from @ to X is not invertible. For
example, if the degrees of freedom of the control variables (like T) are more or less than the
degrees of freedom of the observable (like X), there is a problem. Eckmiller[16] has found a way
to break the tie, in cases where there are excess control vafiables; however, methods of this sort do
not fully exploit the value of additional motors in achieving other desirable goals such as smooth
motion and low energy consumption.

Kawato’s "cascade method" (in [10]) and Jordan [17] describe more general ways of following
trajectories, which do achieve these other goals, by rephrasing the problem as one of optimal
control. They define a cost function as the error in trajectory following, plus a terin for j.erkjness
or torque change. Then they adapt a neural network to minimize this cost function. To do this,

they use the backpropagation of utility - a different ANN design, to be discussed later on.

Neural Adaptive Control

Neural adaptive control tries to do what conventional adaptive control does, using ANNs instead
of the usual linear mappings. Because there are many tools used in conventional adaptive control,
this is a complex subject [10,18-20].

One common tool in adaptive control is Model Reference Adaptive Control, where a controller
tries to make a system follow specifications laid down in a Reference Model. In the conference on
neural networks and fuzzy logic in Houston this year, Narendra described a straightforward way to
do this with ANNs. One can simply define a cost function to equal the gap between the output of
the reference model and the actual trajectory, and then minimize this cost function exactly as Jordan

and Kawato did - by backpropagating utility. In actuality, one does not have to use the
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backpropagation of utility to minimize this cost function; one could also use adaptive critic methods
here[10].

In adaptive control, the goal is often to cope with slowly varying hidden parameters. There are
two different ways of doing this with ANNs, which are complementary. One is by real-time learning
- where an ANN, like a biological neural network, adapts its weights in real time in response to
experience. Another is by adapting memory units whic'h are capable of estimating the hidden
parameters. Even without real-time learning, it is possible to train an ANN offline so that it will
be adaptive in real-time, because of this memory[10]. Ideally, one would want to combine both
kinds of adaptation, but there is a price to be paid in so doing. The main price is that
backpropagation through time must be replaced by adaptive critics[10] both in control and in system
identification; the tradeoffs involved will be discussed in the next section.

In conventional, linear adaptive control it is often possible to prove stability algebraically in
advance by specifying a Liapunov function [18]. In nonlinear adaptive control, it is far more
difficult[20]. In actuality, however, the "Critic” networks to be discussed below function very much
like Liapunov functions (especially in the BAC design). FOF many complex, nonlinear problems,
it may be necessary to adapt a Liapunov function after the fact, and verify its properties after the
fact, rather than specify it in advance.

Backpropagating Utility and Adaptive Criti

General Concepts

Backpropagating utility and adaptive critics are two general-purpose designs for optimal control,
using neural networks. In both cases, the user specifies a utility function or performance index to
be maximized, or a cost function to be minimized. In both cases, these designs will always have
more than one ANN component. Different components are adapted by different learning rules,

aimed at minimizing or maximizing different things.
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Therc will always be an Action network, which inputs current state information (and perhaps
other information), and outputs the actual vector of controls, u(t). The utility function itself can
also be thought of as a network (the Utility network), even though it is not adapted. (Some earlier
papers talked about "reinforcement learning" which is logically a special case of utility
maximization[10,11).) In most cases, there will also be a Model network, which inputs a current
description of reality, R(t), and the action vector u(t); .ii outputs a forecast of R(t+1) and of
X(t+1), the vector of sensor inputs at time t+1. (In some cases, the Model network can be a
stochastic network, which outputs simulated values rather than forecasts.) Finally, in the case of
Critic designs, there will be a Critic network, which inputs R(t) and possibly u(t), and outputs
something like an estimate of the sum of future utility across all future times.

The real challenge in maximizing utility over time lies in the problem of linking m action
to future payoffs, across all future time periods. There are really only two ways to address this
problem, in the general case. One is to take a proposed Action network, and explicitly work out
its future consequences, for every future time period. This is exactly what the calculus of variations
does, in conventional control theory, and it is also what the backpropagation of utility does. The
backpropagation of utility is equivalent to the calculus of variations, but -- because derivatives are
calculated efficiently through large sparse nonlinear structures -- one may hope for less expensive
implementation. A second approach is to adapt a network which predicts the optimal future payoff
(over all future times) starting from a given value for R(t+1), and to use that network as the basis
for choosing u(t). This requires that we approximate the payoff function, J°, of dynamic

programming. This is the Adaptive Critic approach.

Backpropagating Utility
The backpropagation of utility through time is illustrated in Figure 4.
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INSERT FIGURE 4 (Backpropagating Utility)
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In the backpropagation of utility, we must start with a Model network which has already been
adapted, and a Utility network which has already been specified. Our goal is to adapt the weights
in the Action network. (In practice, of course, we can acfapt both the Action net and Model nét
concurrently; however, when we adapt the Action net, we treat the Model net as if it were fixed.)
To do this, we start from the initial conditions, X(0), and use the initia] weights in the Action
network to predict X(t) at all future times t. Then we use generalized backpropagation to calculate
the derivatives of tota] utility, across all future time, with respect to all of the weights in the Action
network. This involves backwards calculations, following the dashed lines in Figure 4. ":l"hcn we
adjust the weights in the Action network in response to these derivatives, and start all over again.
We iterate until we are satisfied. The mechanics are described in more detail in [1], but Figure 4
really tells the whole story.

The backpropagation of utility was first proposed in 1974[21]. By 1988, there were four working
examples. There was the truck-backer-upper of Nguyeﬁ and Widrow, and the "cascade" robot arm
controller of Kawato, both published in [10]. There was Jordan’s robot arm controller[17], and my
own official DOE model of the natural gas industry[22]. Recently, Narendra and Hwang have
reported success with this method.

The backpropagation of utility is a very straightforward and exact method. Unfortunately, there
have been few reported successes this past year. This may be due in part to a lack of
straightforward tutorials (though [1] and [22] should help). The biggest problem in practical
applications may be the difficulty of adapting a good Model network. In some applications, it may

be good enough to build a Model network which inputs X(t) and u(t), which uses X(t+1) as its
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target, and contains time-lagged memory units (as described in [1]) to complete the state vector
description; however, in some applications, it is crucial to go beyond this, and insert special "sticky"
neurons -- designed to represent slowly-varying hidden parameters -- and elements of robust
estimation [10].

The biggest limitation of backpropagating utility is the need for a forecasting model, which
cannot be a true stochastic model. In fuzzy logic, this is"not so bad, because the variable being
forecasted may itself be a measure of likelihood or probability. In some applications, however -
like stock market portfolio optimization -- a more explicit treatment of probabilities and scenarios
may be important. There are tricks which can be used to represent noise, even when
backpropagating utility, but they are somewhat ad hoc and inefficient[10].

Another problem in backprcpagating utility is the need to learn in an offline mode. The

calculations backwards through time require this. Various authors have devised ways to do
backpropagation through time in a time-forwards direction [e.g.23], but those techniques are either
very approximate or do not scale well with large problems or both; in any case, Narendra[19] has
questioned the stability of such methods. Nevertheless, even if we backpropagate utility in an
offline mode, we can still develop a network which adapts in real-time to changes in slowly-varying
parameters; we can "learn offline to be adaptive online." [10]. This should be very attractive in

many applications, because true real-time learning is more difficult.

Adaptive Critics

Adaptive critic methods, by contrast, do permit true real-time learning and stochastic models,
but only at a price: they lack the exactness and simplicity of backpropagating utility. One reason
for their lack of simplicity is the wide variety of designs available -- from simple 2-Net structures,

which work well on small problems, through to complex hybrids, which hopefully encompass what
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goes on in the human brain(10,11}.

Adaptive critic methods may be defined, in broad terms, as methods which attempt to
approximate dynamic programming as first described in [24]. Dynamic programming is the only
exact and efficient method available to control actions or movements over time, so as to maximize
a utility function in a noisy, nonlinear environment, without making highly specialized assumptions
about the nature of that environment. Figure 5 illustrates the trick used by dynamic programming
to solve this very difficult problem.
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Figure 5 (inputs and outputs of dynamic programming)
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Dynamic programming requires as its input a utility function U and a model of the external
environment, F. Dynamic programming produces, as its major output, another function, J, which
I Like to call a secondary or strategic utility function. The key insight in dynamic programming is
that you can maximize the function U, in the Jong-term, over time, simply by maximizing this
function J in the immediate future. After you know the function J and the model F, it is then a
simple problem in function maximization to pick the actions which maximize J. The notation here
is taken from Raiffa[25), whose books on decision analysis may be viewed as a highly practical and
intuitive introduction to the ideas underlying dynamic programming.

Unfortunately, we cannot use dynamic programming exactly on complicated problems, because
the calculations become hopelessly complex. (Bayesian inference sometimes entails similar
complexities.) However, it js possible to approximate these calculations by using a model or
network to estimate the J function or its derivatives (or something quite close to the J function, like
the I function of [26] and [27].) Adaptive critic methods may be defined more precisely as methods

which take this approach.
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If this kXind of design were truly fundamental to human intelligence, as I would claim, one might
expect 10 find it reflected in a wide variety of fields. In fact, notions like U and J do reappear in
a wide variety of fields, as illustrated in Table 2 (taken from [28]):
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Table 2 (Examples of J and U)

T I e P T T TR
Please note that the last entry in Table 2, the entry for Lagrange multipliers, corresponds to the
derivative of J, rather than the value of J itself. In economic theory, the prices of goods are
supposed to reflect the change in overall utility which would result from changing your level of
consumption of a particular good. Likewise, in Freudian psychology, the notion of emotional charge
associated with a particular object corresponds more to the derjvatives of J; in fact, thc' original
inspiration for backpropagation[29] came from Freud’s theory that emotional charge is passed
backwards from object to object, with a strength proportionate to the usual forwards association
between the two objects[30]. The Backpropagated Adaptive Critic (BAC) design reflects that theory
very closely. The word "pleasure” in Table 2 should not be interpreted in a narrow way; for
example, it could include such things as parental pleasure in experiencing happy children.

In order to build an adaptive critic controller, we need to specify two things: (1) how to adapt
the Action network in response to the Critic; (2) how to adapt the Critic network.

The most popular adaptive critic design by far is the 2-network arrangement of Barto, Sutton
and Anderson[31]}, illustrated in Figure 6. In this design, there is no need for a model of
the process to be controlled. The estimate of J is treated as a gross reward or ‘
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Figure 6. The 2-Net Design of Barto, Sutton and Anderson
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punishment signal. This design has worked well on a wide variety of real-world problems, including
robotics[32], autonomous vehicles and fuzzy logic systems. Williams, in [20], has reported some
interesting new results on convergence. Unfortunately, this approach becomes very slow as the
number of control variables or state variables grows to 10 or 100. The reason for this is very
straightforward: knowing J is not enough to tell us which actions were responsible for success or
failure, and it does not tell us whether we need more or Jgg of any component of the action vector.
This design is like telling a student that he or she did "well" or "poorly” on an exam, without
pinpointing which answers were right or wrong; it is a lot harder for a student to improve
performance when he or she has no specific idea of what to work on.

Fortunately, there are alternative designs which can overcome this problem. Note that it is
critical to modify both the Action network and the Critic network, to permit leamir;g at an
acceptable speed when the number of variables is large (as in the human brain). There are also
some other tricks which can help, discussed by myself, by Barto, and by Sutton [10,11,20].

To speed up learning in the Action network, for Jarge problems, there are now two major
alternatives: (1) the Backpropagated Adaptive Critic (BAC), shown in Figure 7;

(2) the Action-Dependent Adaptive Critic (ADAC), shown in Figure 8.
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Insert Figures 7 and 8: BAC and ADAC (ﬁ adapting Action net)
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The BAC design is closer to dynamic programming than is the 2-net design, because there is a more
explicit attempt to pick u(t) so as to maximize J(t+ 1), based on the use of generalized
backpropagation to calculate the derivatives of J(t+ 1) with respect to the components of u(t). The
dashed lines in Figure 7 represent the calculation of derivatives. (Usually we adapt the weights in

the action network in proportion to these derivatives, rather than adapting u(t) itself.) The cost of
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BAC is that we need to develop a Model network, as we do when backpropagating utility. The
adaptation of a good dynamic mode! can be a challenging task at times[10].

ADAC [26,27] avoids the need for an explicit model, but the Critic network in Figure 8 would
have to represent the combination of the Critic and Model in Figure 7. Jordan, in conversation,
has stated that he adapted an action-dependent Critic network in 1989, based on an independent
paper by Watkins on "Q learning” (discussed in [20]), but found the resulting Critic network to be
rather complex. In an ideal world, one would want to cox;1bine both approaches, so as to combine
the modularity and cleanliness of BAC with the model-independent robustness of ADAC; however,
BAC may be good enough by itself in many applications. Jameson has reported some preliminary
results with BAC[33], and other aerospace-oriented researchers may have dealt wi‘th '.larger
applications; however, more work is needed. Whatever the details, the adaptation of Action
network in large-scale problems is clearly central to the future of this discipline and of our ability
to understand organic intelligence.

In adapting the Critic networks, few people have gone beyond simple, scalar methods which are
more or less equivalent[34] and which have severe scaling problems. There are two alternatives
which should scale much better: (1) Dual Heuristic Program'ming (DHP), which outputs estimates
of the derivatives of J; (2) Globalized DHP (GDHP), which outputs an estimate of J (or its
components), but which adapts the Critic by minimizing error in the implied derivatives as well as
the estimate of J. These methods were first proposed in the 1970s [23,24], but are described in
more modern language in [10] and [11]. Both methods require the existence of a Model network.
Hutchinson of BehavHeuristics has claimed real-world commercial success in applying such methods,

but many of the details are proprietary.

Example of a Hybrid System
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In 1588, a friend of mine asked how I would use these methods to assist in some very complex
social decision problems, well beyond the scope of this paper. Given the nature of his application,
I recommended a very conservative approach for the time being. As a first stage, I would obtain
a conventional sort of modeling system, capable of storing and analyzing time-series data, and
capable of manipulating forecasting models built up from any of three methodologies: (1)
econometric-style equations; (2) fuzzy logic; (3) ANNG. I\ybuld Jook for a linkage capability, so that
models of specific sectors (built up from different methodologies and often revised) could be
combined together to yield composite streams of forecasts. Then I would build a general purpose
"dual compiler." The dual compiler would input a sectoral model (in text form or parsed into a
tree), and output a "dual subroutine” (like those in [1]), so as to facilitate the use of geperalized
backpropagation. Then I would implement a whole set of tools using backpropagation. -

Tool number one would be a simple sensitivity analysis tool. The user would type in a utility
function or target function. The tool would then calculate the derivatives of utility with respect to
all of the inputs -- initial values, policy variables, and parameters -- which affected the original
forecast, in one quick sweep through the process. It would report back the ten or the hundred most
important inputs. (There is a scaling problem here in deciding which input is most important; the
user could be given a choice, for example, between looking for the biggest derivatives, the biggest
elasticities, or the biggest derivatives weighted by some other variables.) The user could go on to
make plans to change these inputs, so as to increase utility, or he could first evaluate in detail
whether he believes that the inputs are really important. (Tests of this sort can in fact be very
useful in pinpointing weaknesses of an integrated modeling system[8], or real-world uncertainties
which require more analysis). The cost of a comprehensive sensitivity analysis is the key issue here;
using more conventional tools, one must often wait a long time and spend a lot of money to get

even a partial sensitivity analysis, and the results are usually out of date.
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Tool number two would help in reassessing the importance of the key inputs. For any given
input, it would use the jntermediate information generated by backpropagation (as in [8]) to identify
the path of connections which really made that input important. It could even display this
information as a kind of tree or flow chart. This would be similar in purpose to the inference
sequences printed out as "explanations” by many expert systems.

Tool number three would be an extended version‘éf tools one or two. Instead of first
derivatives, it would provide information based on low-cost second derivatives (as described in [23],
based on calculations like those in [5,11}). For example, the sensitivity of utility to dollars spent in
1992 may be a key measure of policy effectiveness; it may be useful to see how that measure, in
turn, would be changed by other factors (such as diminishing returns or complementary variables).
At the optimum, the first derivative of utility with respect to any policy variable will be z'ero; the
derivatives of that derivativé give information about why the policy variable should be set at a
particular level.

Tool number four would be a full-fledged version of backpropagating utility. The user could flag
certain variables or parameters as policy variables, and the computer would be asked to suggest an
optimal improvement upon current plans, so as to maximize utility. The resulting suggestion may
be a local minimum, but it should at least be better than the starting plans.

Tool number five would be a model calibration tool, based on the backpropagation of error, and
robust estimation concepts like those of [10]. At a minimum, this would be a relatively quick and
objective way to calibrate a model as a whole system to fit the past; it could replace the rather
elaborate and ad hoc "tweaking" which usually goes into most complex models in the real world for
calibration purposes. Tool number six would go back and identify how the resulting parameter
estimates or rules were influenced by different cases in the input dataset; this would provide an

integrated, nonlinear version of the highly respected linear diagnostic tools developed by Belsley,
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Kuh and Welsch[35].

These six tools are the most obvious needed tools, exploiting backpropagation, but a host of
other tools are possible involving estimation diagnostics, decision diagnostics and convergence tools.
Also, there is no need to develop the six tools in the order of my discussion.

In principle, one can even build a strategic assessment or stochastic planning tool, based on
adaptive critic methods but permitting user-specified assessment models, as described in [28].

To bring all these tools together in a general-purpose modeling package, capable of running on
desktop workstations, would not be a trivial task. However, there are important applications, and

some work has begun in this direction. All of these tools aim at effective two-way man-machine

communication, so as to exploit the capabilities of both forms of intelligence.

Conclusions

Neurocontrol and fuzzy logic are complementary, rather than competitive, technologies, There
are numerous ways of combining the two technologies. Which combination is best depends very
heavily on the particular application; there is always a tradeoff between "general syntheses" -- which
combine everything but require the expense of implementing everything -- and direct, simple designs
tuned to particular concrete problems. Given the natural human tendency towards inertia, it is
critical to be aware of a wide variety of options, and to asl; "Why n;n?" when considering new
approaches. Even within neurocontrol, there is a wide variety of designs available, ranging from
simple off-the-shelf technologies (easily applied to fuzzy logic networks) through to areas where

fundamental research is still needed and vital to our understanding of real intelligence.
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