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Abstract - This paper presents a new error critic for be forced to a predefined sliding manifold by sliding mode
neurocontrol of highly nonlinear systems. The unavailability of tuning for sliding mode control. In [14], an example of this
the target outputs of a neural network controller constitutes a  has been discussed for the control of an anthropoid robotic
difficulty in tuning the adjustable weights and biases and manipulator

deserves a careful conS|derat|_on to improve the tracking In this paper, we demonstrate a precise VSC of a
performance. The method described aims to drive the system . .
missile. The controller is a standard three-layered

into a predefined sliding regime through the use of a novel . ; .
error measure. The controller is an ordinary feedforward feedforward neural network, and the tuning mechanism is

neural network, the tuning strategy is the error the well-known error backpropagation technique. It must be
backpropagation and the contribution of the paper is the proof ~ emphasized that the controller and its training scheme are
of precise tracking by using the proposed error critic in such a  the mostly utilized couple that appeared in the literature
standard neurocontrol configuration. The results obtained particularly during the 1990s. However, the later studies
justify the performance claims of the paper without requiring  have reported that the mentioned scheme suffers from the
the analytical details of system under control. oversensitivity against noise and abruptly changing plant
parameters. The prognosis was the presence of sharp valleys
on the cost hypersurface, on which the gradients are
One of the challenges in the realm of control computed. A d_etailed di_scussior) of eliminating the adverse
engineering is the design of control strategies or autopilotEffects of gradient techniques with VSC technique has been
for missiles. What make the missile control problem aPresented in [12-13]. However, the encountered difficulty

challenge are the existence of nonlinearities in the systenj@S the computational burden. Having this motivation
dynamics, multivariable structural representation, strongP€hind what we present next, if the task is the sliding mode

inter-dependencies between the variables involved and thgontrol of a missile, the error measure that is to be
uncertainties stemming from the modeling errors andPackpropagated can be changed such that the system enters
environmental factors. A closer look to the studies appearedN€ desired sliding regime. _

in the recent literature suggests several interesting strategies | NS Paper is organized as follows: The second section
for the missile control problem. In the first group, the use ofintroduces the missile control problem, the third se_ctlon
Variable Structure Control (VSC) has been emphasized [1presents the s_ugges_ted control error. In the fourt_h section we
3]. The second group focuses on the use of computationa‘i’rese_”t the simulation results and the concluding remarks
intelligence, i.e. neural networks, fuzzy inference systemsSOnstitute the last part of the paper.

and genetic algorithms, or some hybrid integration of them
[2,4-7]. The typical problems associated with the presented
approaches has been the model dependency for VSC-type
controllers, the need for identification for neural and or

I. INTRODUCTION

Il. FORMULATION OF THE CONTROL PROBLEM

The control problem is to intercept the target by the
f i troll 4 th i tabilit missile having the kinematics described as in (1)-(3). The
uzzy ‘type controlers an e parametric  Stablly icsile and the target are assumed to be point masses and the

(convergence) prqblem in all intelligence based..ContrOIrepresentation below is derived for spherical coordinates.
schemes. Alternative methods have generally utilized the]’he details concerning the model are given in [1,14]
local linearization of the derived nonlinear model, and the T

design based on linear dynamics, feedback linearization of

p_ L2 A2
the nonlinear model. Apparently the mentioned strategies F-re®-ré C052(P: arr ~amr 1)
increase the model dependency and enforce the validation of

the linearized dynamics through a series of costly tests. ré cosp+ 2 cosp— 2r gosing = arg — ayg )

One idea to overcome the mentioned difficulties is to
embed the VSC as an integral part of the learning process. . . . )
Studies discussing this integration have demonstrated that ro+2rp+ro”cospsing=ary, —ay, 3)
the Sliding Mode Control (SMC) technique can successfully
be used for parameter adaptation in intelligent systems. In above,r is the distance between the missile and the
Some remarkable examples utilize adaptive linear elementtarget,0 andgare the azimuth and pitch angles respectively.
[8-9], feedforward neural networks [10-11] and fuzzy Furthermorea stands for the acceleration wikh subscript
inference systems [12-13]. Although it is possible to designfor the missile and withT subscript for the target; the
a tuning law based on VSC, the plant under control can alseelevant state variable is the second subscript in the
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acceleration inputs. With these terms, the control objective isrror for trajectories lik€, andC,, which have the tendency
to reach the maneuvering target by appropriately altering théo get away from the sliding manifold. Therefore, the two

acceleration componenrds,. terms of the right hand side of (8) will have the same signs
and when added to each other, the result will be greater in
IIl. PROPOSED ERROR CRITIC magnitude than what is observed with convergent
trajectories. Our first conclusion from this interpretation is
Define x=[r 6 ¢|' andu=-[ay, aug aM(p]T _ that the error critic in (8) is compatible with the design goals

and is a suitable measure for tuning the controller
parameters. The second conclusion is on the parametric
. . growth. If the convergent trajectories of Fig. 1 are compared
X= i(>_<,1<)+b(>_<)g 4 with divergent ones, one would directly infer that the error in
(8) inactivates the tuning mechanism in the vicinity of the
If x4 is defined to be the vector of desired trajectories, sliding manifold, however the conventional tuning schemes
one can describe the tracking error vectoreagxq and gradually update the controller parameters until the origin is
construct the control signal that derives the system of (4yeached.
towards the prescribed sliding regime. The design is based

The system in (1)-(3) can be rewritten as follows:

on a two-sided switching mechanism, the argument of which Cs_ g

is defined ass,=de/dt+/Ae with A being a positive definite A .
diagonal matrix of appropriate dimensions. The aim is to P Spi XIS
ensure the negative definiteness of the Lyapunov function K\ 7
V,=5,'s/2. The control sequence can now be formulated as AN “

below. C, .\ . 7 /A
< 3 > e

u=b7)f (x %)+ Ae+Zsarls, - %4) (5) AR

where, = is a positive definite diagonal matrix. The // / Y
application of the well-known sliding control law above for K ./V $i=0
the system of (4) enforces the following dynamics, which c,

ensures the reaching to the hyperplgr®.
Fig. 1. Graphical interpretation of the suggested error critic

Sp :_ESgr@p) (6)
At this point, we dwell on what is questionable with this
Proposition: If s is defined to be the vector of error measure. _The obvious djfficulty is the computation of
discrepancies between the target and evaluated values of t{€ time derivative o, Our prior tests have proved that an
control vector, and if the controller parameters are adjusted@PProximate numeric differentiation works even with the
such that the cost function in (7) is minimized, the tracking noisy observations. Introducing a stable linear filter with

error vector is driven towards the switching manifold. numerator of order one in Laplace domain can suitably
provide the information needed. The reason why we do not

1 need the exact value of the derivative stems from the fact

J :§§E§C @) that the desired behavior is not unique. If a trajectory starting

from an arbitrary initial point in the space shown in Fig. 1
tends to the sliding manifold then it is one of the desired
trajectories, however, the selectionznfiniquely determines
the way of approaching the sliding manifold. The
. information loss due to the derivative computation can be
Sc =Sp +:Sg’{§p) (8) interpreted as a slight modification of the reaching dynamics
of (6). The second question is on the selection of the
Practically, for second order systems, we have thediagonal positive definite matriX. If the entries increase in
geometric interpretation shown in Fig. 1. In this figure, the magnitude, the reaching phase of the control strategy
subscripti is for the individual entries of the vector produce large controls in magnitude and several hittings
Clearly, for the trajectories lik€, andCs, the error vector  occur, however, the values close to zero result in slow
[e , de / di] tends to the sliding manifold and due to the reaching to the sliding manifold with relatively less number
dynamics characterized by the losys0, the error and its  of hittings. The designer has to decide on what he/she
derivative will be forced towards the origin along with the pursues together with the physical reality regarding the plant
sliding manifold. For these trajectories, the error caused byunder control. For example, for a cargo ship steering
the controller are considerably smaller in magnitude than theexample, enforcing the convergence to a desired behavior in

where,sc is defined to be the error on the control signal and
is computed as given in (8).
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a few seconds would require unrealistically large-magnitude  Since the plant under control has six state variables, the
control activity, while for a direct drive manipulator the number of inputs is six, and the number of outputs is three,
response could reasonably be fast to fulfill the imposed taski.e. m=6, n=3. In the simulations, we utiliZ&(a)=tanh¢) as
Lastly, the infinite switching frequency of ideal sliding mode the neuronal activation functions for hidden layer neurons,
should be addressed. Clearly from (6), one should notice thadnd W(a)= a for the output layer neurons. Having this in
the enforced behavior ultimately converges to a practicallymind, the 1/O relationship of the depicted structure can be
impossible phenomenon. Since the right hand side of (6) iglescribed as follows:

discontinuous in the vicinity of the origin, the near origin
activity is an oscillation ideally at infinite frequency, called
chattering in the terminology of sliding control. One

approach to eliminate the adverse effects of chattering is to

introduce a boundary layer by replacing the discontinuousVhereWs and\W are the weight matrices of rightmost and

sign function with a smooth approximate such as the ond®ftmost weight connections respectively, and simildsly
given below. and By are the bias vectors of hidden layer neurons and

output layer neurons respectively.

u=wg i\ e- B )-8y (10)

a . . "
sgr(a) D|a|—+5 9) B. Use of Error Backpropagation with the Proposed Critic
Recall the cost measure in (7), which is rewritten below
whered >0 is the parameter determining the accuracy of thefor clarity.
approximation. In what follows, we focus on the control of
missile by a simple neural network utilizing the error critic n

: i 12
in (8) for parameter adjustment. J =3 Y=
=1

oy -uif (11)

1

N~
™M

i
IV. SIMULATION RESULTS
where u” is the unknown target control signal in some
A. A Feedforward Neural Network Controller desired sense. According to the EBP based tuning strategy,
in order to minimize the cost of (1), df is defined to be a
Due to the powerful mapping capabilities, artificial generic adjustable parameter of the neurocontroller, the

neural networks are preferred in many applications requiringadjustment otris carried out by the rule given as
precision in nonlinear mapping (control, identification), fault

tolerance (VLSI, microelectronics), generalization (image Py n o ou

processing and pattern recognition). Various architectures o=-N—=-n ZSCJ-—J (12)

with a considerable amount of diversity in tuning schemes 0o ] oo

result in the fact of algorithmic and architectural integrity,

which is the underlying feeling of the designers utilizing where,n is the learning rate chosen from the interval (0,1).

neural systems. The rule in (12) is the ordinary backpropagation, and the
In Fig. 2, a three-layered feedforward neural network isonly modification is the use of new error term denoteddby

illustrated withm neurons in the input layer ancheurons in

the output layer. C. Interception Problem and Observations

In the simulations, missile is kept under an external
feedback loop as illustrated in Fig. 3.

Acceleration of the Target Object

(arr, arg, arg)
000 MISSILE
Xd O° DYNAMICS X
ONONG;
Fig. 3. Structure of the control system
Fig. 2. A three-layered feedforward neural network structure mithputs According to the differential equations of the missile

andn outputs. acceleration vector of the target object joins to the feedback
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loop after the controller outputs additively. Apparently, for acceleration produced by the controller drives the
the interception problem;=0 for Ot=0, however, a time- interception system to zero error state along with the sliding
varying x4 would mean that the controller tries to preserve amanifold.

relative dynamics between the target and the missile

according to what is described by. Therefore, in our

simulations we set;=0. As the initial conditions, we adopt 00— 01

the data presented in [1], i.e(0)=5 km, 6(0)=-0.2 rad, ] wosl
@0)=0.1 rad, r(0 ¥-0.51 km/hr, 8(0)=-0.01 rad/hr and mswo - - - o

(0)=0.05 rad/hr. The target object has the following 0 o el
acceleration vector entriessg=sin(0.1), ar,~cos(0.1) and I I

ar,=0. For the design parameters, we=els;, 6=0.05, and
n=0.01. Initally the weights and the biases of the neural
network have randomly been set from the interval [0 , 0.1].
The controller has the configuration 6-6-3. During the
simulations, we computed the derivative term in the error
measure of (8) by numerical differentiationsgf

An important remark here should emphasize that the
dynamic equations of the missile have not been used in any
phase of the design procedure. We solely assumed that the
dynamics is such that the task is achievable. Furthermore, no
initial training has been performed on the controller, which S
operates on-line.

Under these conditions, we observed the state evolution
depicted in Fig. 4. After a fast reaching phase, the missile A,
intercepts the target. Al

Time Time

Fig. 5. Acceleration profiles for the missile and the target

dr/dt

In the left subplots of Fig. 6, the behavior in the phase
space for each state component are illustrated. The results
figure out that the missile quickly enters the sliding mode in
the radial direction and several more hittings are observed in
the azimuth and pitch angles. The right subplots of the figure
depict the time evolution of the adjustable controller
parameters, which is denoted Byand defined as given in

5
3 (13).
Lo — [oT\wT T T T
T LI 1Y S, P—\/QHWLWLQH +B| B +WrWg +BrBgr (13)
Time Time
o . where, Qyy =t 1 -+ 1" and is of Hx1 dimensional
o with H being the number of hidden neurons. The quantity

above is a good measure of visualizing the evolution in the
adjustable parameter space. It should here be stressed that
one of the major drawbacks of gradient based approaches is
the lack of control over the adjustable parameters. Since the
information determining the evolution of the parameter
vector is strictly dependent upon the topology of the cost
Fig. 4 Behavior of the missile states hypersurface, the gradient techniques sometimes compute
unnecessarily large parametric displacements. The
In Fig. 5, the acceleration profile of the target and theVisualization of the above quantity in this sense will enable
acceleration input produced by the neurocontroller areus to assess the stability, and therefore application safety, of
illustrated. The effect of hittinggs to the sliding hypersurfacethe proposed scheme. In the top right subplot of Fig-6,
is apparent in all three components in the left subplots. Théneasure is plotted on linear time axis. It is clear from the

S 0.05
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figure that the parameters receive the excitation during thebservations constitutes a good candidate for tracking
early phase of the flight, which corresponds to the reachingcontrol problems.

phase and the suggested error critic of (8) yields nonzero
values. When the error vector gets trapped to the sliding
manifold, the error prescribed by (8) is very close to zero,
and the parameters are not excited at all. The bottom righ
subplot of Fig. 6 illustrates tHe-measure in the logarithmic

time axis, and the observed behavior justifies the above

remarks and the stability in the parameter space. [1]
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Fig. 6. Behavior of the error components in the corresponding phase planes

and the behavior of the parametric cost meaBure 0]
10

V. CONCLUSIONS

This paper postulates a novel error measure for[i1]
backpropagation neural networks. The suggested measure is
based on the VSC technique and aims to drive the systerHZ]
into a prespecified sliding mode.

The attractiveness of the approach lies neither solely in
the architectural versatility nor only in the algorithmic
strength. The insight here should stress the coordination of-3!
algorithmic capabilities and architectural degrees of freedom
in a collaborative manner. Nor we claim that a missile can[i4]
be controlled with randomly initialized controller
parameters, the conclusion of this simulation study is to
explore the performance of a novel scheme on a challenging
control problem. [15]

The results observed justify the precise interception
claim of the paper with bounded norm evolution in the
adjustable parameter space. The approach with the presented
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