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Abstract

The design of controller in a auto—lock—on
target—tracking sight control system by neural net-
work is discussed throughout the paper. Based on
expert human exemplary data, a back—propagation
neural network (BPNN) is trained to learn the natural
intelligence characteristics of the operator in the
manual control process, and the trained network
then acts as a neurocontroller by mimicking the track-
ing control action of the expert. It is found that the
neurocontroller can successfully track fast maneu-
vering target, and the neurocontrol approach can
provide a new and viable solution to the design of
auto—lock on target—tracking sight control system.

1. Introduction

Auto—lock—on target—tracking control system
can be found in many applications, and a key work
to bulid up such system is the design of the
controller. Classical methods available for designing
controller have a common weakness, i.e., most, if
not all, of them are based on a model given a
priori, which is used to discribe the structural repre-
sentation of the controlied process. On the other
hand, human control action exhibits appealling per-
formance. An expert human operator, for example,
can cleverly analyze target maneuvers and accurately
track the target. There remains the challenge to un-
derstand the human cognitive control action in exe-
cuting the exciting yet straightforward task of
target—tracking and use the characteristics of human
control action as a guidance in the design of
target—tracking controller.

The present study develops a neurocontroller for
target—tracking sight control system, which can be
used in the simulation study of airborne fire contro!
system. The neurally based controller for target track-
ing sight control system uses back propagation
neural network (BPNN) to learn the natural intelli-
gence characteristics of an expert human operator
tracking control action. The trained BPNN then re-
place the operator by mimicking the action.

The problem we consider here is a class of con-
tinuous one—dimensional compensatory tracking
manual control task as shown diagramtically in figure
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1, where the operator’s problem is to make y(z). the
output of the controlled process, correspond as
closely as possible to r(z). the displayed ideal or
reference, i.e., the operator observes and acts up-
on the error e(t), equal to r{r) — y(¢). and drives the
controlled process by means of stick or other hand or
foot control to null or compensate for error.

The goal for studying the neurocontroller is to
use neurocomputing techniques to identify eye—hand
coordination of an expert target—tracking human op-
erator, capture his cognition in predicting target
maneurve, and furthermore, provide a class of
auto—lock—on target—tracking sight control system
for the simulation study of airborne fire control sys-
tem.

The tasks for designing the neurocontroller in-
volve:
- selecting typical data representing human expert
tracking control action,
» selecting suitable topologies for the BPNN,
= training the BPNN to provide a neurocontroller for
target—tracking sight control system,

2. Background on Back—Propagation
Neural Network

Artificial neural networks 11 12 B have been
studied for many vyears in the hope of
achieving human-like performance, and back-prop-
agation neural network '¥ t% is one of the widely
used neural networks. BPNN has the topology as
shown in figure 2. The network consists of input lay-
er L, output layer Ly and  several hidden
layers Ly, »== , Lyy. In kth layer, there are n,

nodes. Let x: denote the jth node in the kth
layer, and w: deonte the adjustable connection

¥=1 then

between the node x: and the node x,

each node output, or state, is computed as

x; =(—Exp(—a))/ (1 +Exp(—a}) ()
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Back—propagation neural network belongs to the
class of mapping neural network architectures and
therefore the information processing function that it
carries out is the approximation of a bounded map-
ping or function f: 4=R"-R"., from a com-
pactsubset 4 of n—dimensional Euclidean space to
abounded subset f{4] of m—dimensional Euclidean
space, by means of training on examples (xl,yl),

e, (x,,y, ) of the mapping, where y, =flx,)

Recent theoretical works £ & U7 have rigorously
proved that, even with only one hidden layer, the
neural network can uniformly approximate any con-
tinuous function. The theoretical basis for model-
ling operator characteristics in a manual control sys-
tem by the network therefore is
sound. Furthermore, according to the works per-
formed by Billings et al., 81 191 the network can be
viewed as just another class of functional representa-
tion for non—linear dynamic system.

3. Design of Neurocontroller

For the reasons mentioned above, training a
BPNN to provide neurocontroller, i.e., modelling the
natural intelligence characteristics of an expert hu-
man tracking action, is a problem of identification of
non—linear dynamic system, and therefore the design
of neurocontroller consists of the three phases as fol-
lows:

Selection of expert human exemplary data Because
the human’s performance as a controller depends up-
on a great number of variables , properties of the par-
ticular situation he finds himself in, the expert hu-
man exemplary data used to train neural network
should be “rich” enough to represent the human per-
formance in accordance with the particular task.

Selection of neural network topology A major work
to design neurocontroller is to find a suitable
topology for the BPNN, i.e., determine the number
of layers in the network and the number of nodes in
each layer. Let J be the training performance meas-
ure defined by

J=1/2Y.(»,—7)

il

3

where m is the total number of samples, y, is ex

pected” network output (i.e., the exemplary
data), and §, isthe actual network output, then an

optimal topology for the neurocontroller is the one
which, for given exemplary data, minimizes J.

Training of neurocontroller In order to train
neurocontroller, we should select a suitable initial
topology for the controller, and then use the
back—propagation algorithm to adjust (train) the
weights in the network. Theoretically, any method
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of non—linear optimization can be used to train the
weights in the network, but back—propagation
algorithm may be a simple and effective one.

The back—propagation learning algorithm which
searches for a minimum of J is summaried below in
Box 1, and the structural representation of model-
ling a human manual control action by a BPNN is
shown diagramtically in figure 3.

Back—Propagation Algorithm

Step 1: Initialize w: k=1, », N
i= 1: "ee, n

H

K? 1=1: o nk-l’

to small random values in the range [—1,1]

Stpe 2: For each data pair (x,,y,),
h =1, ==, m, do the following

a. Calculate the network output .
b. Compute the errors of the output layer as
5, =, =7 )0.— 3,
where j=1, «, n,, and the errors at
the internal hidden layers as
5 =x (1—GHH L 5y Wk
where k=N —1, Ij 1, ;
¢. Adjust the weights by
Aw; =nd,
where #)0, k=N, =, 1, j=1, ==, 5

i=1, «, n

k?

k-1

Step 3: Repeat step 2 until the error value & f , for
eachj=1, «-, n , andeachk=1, -, N
is either sufficiently low ot zero.

H

Box 1

By comparing the tracking performance measure
J over different network topologies, we can deter-
mine the best one that emulates the human tracking
control action.

4. Simulation Results

in our simulation study, the expert human ex-
emplary data used to train back—propagation neural
network is given in figure 4, which represent the typ-
ical response of the expert to a series of step
singals. The model of the controlled process, repre-
sented by Laplace transform, is 1/s (some exam-
ples of such control situations are automobile head-
ing control by steering wheel for small angle deflec-
tion, aircraft pitch angle control by elevator as well as
attitude control of vehicles with- argumented
damping).




On the basis of the data, numerous trainings
were carried out using the back—propagation
algorithm and different neural network topologies.
From the design and trainging procedure, we have
found that three—input and single hidden layer with
50 hidden nodes topology provides one of the satis-
factory training performance measures, and the train-
ing result is shown in figure 5. Figure 6 shows a typi-
cal tracking action carried out by the trained
back—propagation neural network, it depicts the
trail of target as it was chased by the reticle of the
neurocontol sight. The simulation result has shown
that the basic moves of human tracking action have
been learned and mimicked by the
neurocontroller. Also, further  simulations have
shown that the neurocontroller can consistently and
successfully track fast maneuvering target, some of
which may be not easily tracked by human manual
operation.

b. Summary

As demonstrated by the above
results, back=propagation neural network is a new
tool for approximating functions on the basis of ex-
amples, and it offers a new approach of information
processing because of its adaptivity, ability to learn
as well as massive parallelism. As a result, the
neurocontrol approach provides a viable alternative
excting solution to the design of auto—luck—on
target—tracking sight control system. In order to ex-
tend our approaches to more complicated tracking
process, further research will be focused on the rela-
tion between the approximation ability of BPNN and
the dynamics of expert human manual control action.
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Fig.3 The structural representation of modelling
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Fig.5 The training performance of the BPNN with
3—input, single hidden layer and 50 hidden
nodes. J=0.00004.
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Fig.6 The simulation result of using the trained
BPNN as an in—the—~loop controller to chase
a moving target.
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