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Abstract :

In this work, the feasibility of using neural adaptive control with finite
recurrent back propagation algorithm for controlling DC motor is investigated
to capture the nonlinearity which is better than that of using back propagation
algorithm. This was obtained from the results of the simulation adopted in this
work .

The build-up of the simulation procedure is implemented by MATLAB.

A sd aladiuly CiSial) aal) jhical) aladiic) Al madagl G 1 B S
Gia ¢ A hiM) palbedl) (e paldill jaiwadl Ll dae Ao 5kl Sadaal) (uSlaall LN
- oaSlaall LEEN) daa ) gd (pe Juad) Aaa )l gAD) oda aladiad (il BlSlaal) il i
. MATLAB —) 4l 53 aladiady 5lSkaall z3gad sl a3 S

7. List of Symbols
R. : resistance of armature of motor.
L, : inductance of armature of motor.
K : torque constant of motor.
Ky : back e.m.f constant of motor.
Jn :inertia of motor.
J, :pendulum inertia of motor.
g :acceleration.
N : gear ratio.
o : shaft velocity of motor.
. shaft position of motor : &
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Introduction:

Artificial neural networks have been shown to be effective as computational
processors for adaptive control. They exhibit a number of desirable properties not
found in conventional symbolic computation systems including robust performance,
high degree of fault-tolerance, high parallel computation rates, the ability to
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generalize, and adaptive learning[1]. The challenges for future research in the field of
control is to develop robust, adaptive, and fault-tolerant controls [2]. Over the past ten
years, significant progress has been made in theory and applications of adaptive
control , it has become a promising approach to achieve high performance of
advanced control systems [3].

The idea of using neural networks for controlling physical systems has recently
been explored.However, Psaltis et al.[4] only showed an application that convert
polars coordinates to cartesian coordinates in which no dynamics of the plant is
considered. Although Kawato et al.[5] have applied neural networks to the control of
a complex robotic manipulator, they used neural network only as a part of the inverse
dynamics model of the manipulator, sub-systems using the conventional
computational method were used to compute various nonlinear transformations of
input signal.

In this work we use neural adaptive control which has been developed for
controlling dynamical system with finite recurrent back propagation (FRBP).

Structure Of Finite Recurrent Back Propagation:

Let us suppose that the network has (I) input units, (J) hidden units and (K) output
units. Fig(1) describes the construction of the network [6,7].

To express easily and clearly , let (w) be the weight matrix which consists of Wliy;
,WHJ'XJ' ,Wkaj .

WI; : the weight matrix from input layer to hidden layer .

WH;,; : the weight matrix from hidden layer to hidden layer .

WO, :the weight matrix from hidden layer to output layer .

The characteristic of the network is that the units in hidden layer are connected to
themselves and each other . However the information in such units at one time can
only be transferred until being replaced by new data after finite steps , i.e. the units in
hidden layer only memorize the information for finite time which is the key difference
from the fully recurrent BP. For the sake of this , the network here is called Finite
Recurrent Back Propagation network (FRBP). Here let the number of steps be integer,
Hence at the time (t) the input to the hidden units is :
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The activation function (f) is a sigmoid , that is :
Fizi= 1 + L ey
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The output of the network is a weighted sum of the hidden unit outputs :
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The net is trained by minimization of the total error which is evaluated as that :
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where :

h; : the actual output of hidden neuron j for input signal i .

Ii :input signal of input neuron i .

W;; :synaptic weight between input neuron i and hidden neuron j .

f :the activation function .

Ok : the actual output of output neuron k .

AH;(t): total input to neuron i .

P : the sample length .

Tip(t) : the target values that the output of the Kth unit in output layer while inputting
the Pth sample match at time (t) . This can be fulfilled by a gradient desent procedure
adjusting (W) along the negative of VE(t).The weight change for any particular in

the network by FRBP algorithm.
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(a)Finite recurrent back propagation network.(b)Details of Jth nodes structure

Figure(1) Network construction

Case Study:

The inverted pendulum (IP) system is essential in the evaluation and comparison of
various control theories. The inverted pendulum is used in simulations and
experiments to show the performance of different controllers (e.g. PID, State Space
and Intelligence Controllers).[8]

We choose an inverted pendulum controlled by a dc motor via a gear train as our

plant which is illustrated in Fig ( 2).

We make the following assumptions: [9]

1. The dc motor is armature-controlled.

2. The motor inertia Jy, is negligible compared to the inverted pendulum inertia
Jp.

3. ) =mL? ,i.e., the inverted pendulum inertia is calculated by considering mass
m as a point mass at the end of a massless shaft of length L .

4. The gear train has no backlash , and all connecting shafts are rigid

The armature-controlled dc motor is depicted schematically in Fig (3).

We choose the state variables:

1 b X2 dt ®p , X3=1a

For the plant output , we take y = x;. In vector-matrix form the state equations
describing our plant are [10]:
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where K,,, is the motor torque constant , Ky, is the back emf constant , and N is the
gear ratio . Reasonable parameters for the plant are g=9.8m/s*, L=Im,m=1kg, N
=10, K, =0.1 Nm/A , Ky, = 0.1 Vs/rad, R,=1Q,L,=100 mH . These parameters
lead to
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The neural adaptive control configuration uses two neural networks: [11] a
controller network and a model network as shown in Fig (4). The model network can
be trained off-line using historical plant measurements.

The controller is adaptively trained to force the plant output to track a reference
model output .The model network is used to predict the effect of controller changes
on plant output , which allows the updating of controller parameters.
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Fig (2) Dc motor controlling an inverted pendulum via a gear train
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Fig (3) Schematic of an armature- controlled dc motor
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Fig (4) Block diagram of the indirect adaptive control approach

Simulation Results

Fig (5) shows the response of the motor with u = 0, and initial conditions x,;=0.02 ,
x,= 0 and x3= 0 when the network is trained with both BP and FRBP algorithms .The
simulation parameters can be specified as follows:
1.The initial conditions correspond to the pendulums unstable equibrium position :
X1= 0.0 , X2= 0.0 ,X3= 0.0.
2.The input control signal (control voltage) is u(t)=step(t) , the unit step function.
3.The initial weights in the network are small random numbers.

It seems from Table (1) that the number of iterations and the time needed for training
the network in FRBP algorithm are less than BP algorithm and this is because when
using FRBP algorithm the guarantee that the parameters will converge or that the
output error will tend to zero takes less time than using BP algorithm ,that is because
of the finite recurrent BP which stors the information for finite time .

Conclusions
The FRBP which is proposed in this work has a simple structure and training
algorithm .



This network has proved its ability to capture the nonlinearity .It can be seen from the
results obtained that using FRBP algorithm has a better response than that when using
BP algorithm

Also the FRBP algorithm reaches the required error goal much faster , with

better accuracy and in a more stable condition than the BP algorithm and it is seen
that FRBP provides faster response with settling time =8.1 sec while for BP=10.4sec
and with less overshoot .
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Fig (5) Response for motor with FRBP and BP algorithms

Table (1) Number of iterations and time for FRBP and BP algorithms

Type of algorithm No. of iteration Time (sec)
FRBP 22 10
BP 68 31
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