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ABSTRACT

This thesis proposes the three-level data in neural networks for control
systems. The three-level data means ~1, 0 and 1. The three-level data in neural
network (TDNN) controller is first developed and applied to control a model car by
computer simulation. Next, a TDNN controller, of which the hidden layer consisting
of two sub-hidden layers, is then designed for controlling one tank level process. The
TDNN controller has been trained at nominal level and applied to control the process
at different levels. The experimental results in controlling each level are shown that
the responses of the TDNN control system are fast and the effect of disturbances can
be rejected. Furthermore, the system responses of the proposed control system have

no overshoot when compared to the PID control system.
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Front Right (FR)
Center Right (CR)
Back Right (BR)
Right Back (RB)
Actuator Center Front (CF)

TDNN
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Abstract

This paper proposes a three-level data (-1 0 1) in a neural
network using feedforward, supervised learning and the
backpropagation. This three-level data is an altemate algorithm used as
an weighting function in a neural network which is taught to control a
model car designed for this paper. The computer calculates the control
signal and sends it to the movement-control unit of the model car that
runs in four typical rurining lines. By the composition of these four
typical running lines, this model car can run to the designed destination.
The simulation results show that the average time for running in all
typical running lines is less than a neural network using two level-data
(0 1)although leaming time of three-level data is longer than that time

of two level data,
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ABSTRACT

This paper proposes a three-level data (1 0 -1) in neural
network using  feedforward, supervised  learning and
backpropagation. This three-level data is an alternate
algorithms uscd as an weighting function in a neural network
which is taught to control a model car designed for this paper.
The computer calculates the control signal and sends it to the
movement control unit of the model car that runs in four
typical running lines. This model car can run to the designed
destination by the composition of these four typical running
lines. The simulation results show that the average time for
running in all typical running lines is less than a neural network
using the two-level data (0 1), although the leaming time of
three-level data is langer than that time of two-level data.

1. INTRODUCTION

In the field of control system, most of the plants to be
controlled are nonlinear, The nonlinear systems are usually
analyzed by making lincar approximation of their performance.
While useful, this method never truely represents a real-world
system. In this arca of nonlinear control, neural networks show
great potential [1]. Recently the applications that show the
effectiveness of neural networks have been reported. The
application of the truck backer-upper that trained a controller (a
feedforward neural network) to back a trailer truck up to a
loading dock, starting from an arbitrary position to a desired
final position by using multilayer neural networks has been
reported [2]. The concepts of neural network model reference
control and a simplified neural-network solution through
problem decomposition for nonlinear systems have also becn
applied to control a truck [3], [4], [5]. In general, a two-level
data (0 1) is used in the neural network with feedforward,
supervised learning and backpropagation for controlling the
nonlinear system,

This paper proposes a controller that used the concept of three-
level data (1 0 -1) in neural networks with feedforward,
supervised learning and backpropagation [6]. The controller is
applied to control the designed model car that consists of 12
sensors. Thie simulation results in controlling a designed model
car running in four typical lines show that, the average time for
running in all typical running lines of the proposed method is
less than a neural network using two-level data, though the
learning time of three-level data is longer than that of two-level
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data. Since the learning process is done before the control
system is operated, then the movement of the model car will
not be affected. By thé composition of the 4 typical running
tines, the model car ¢can move to the desired destination.

2. THEORY

In simple terms, a neuron can be depicted as an information
processing element, which receives an n-dimensional neural
input vector.

Neural network is defined as the composition of the processing
elements connected in ‘parallel in order to convert one type of
information to the another type of the information or mapping
(7). Each of the neurons or the processing elements is
connected to neural input vector X(t)

X(0) = [0 2538 )yoers X2 Vs X)) ER" )

The nonlinear mapping operation Ne [4] is used (o process the
neurons from the neural input vector X(t) to the scalar output

Mt)as

W) =Ne [X() eRt"] eR’ 2)
where

Ne: X(DeR™ —=> (1) eR’ 3)

The nonlinear mapping operation Ne can be mathematically
divided into confluence operation and nonlinear activation
operation [8] as shown in Fig. 1.

The confluence operation is the combination of synaptic
weighting, somatic aggregating l{ and somatic thresholding
operations. From Fig.1, when X(1) is the ncural input vector,
W(1) is the synaptic weight vector and Z(t) is the dendrite
input, respectively. The neural input vector and the synaptic
weight are obtained as

Xu(0) =1%o, X100 Yo Xalt Vyoes X0 Do X)) " €R™ (4 0)
and

WA0=[wolt )owi (O )ws{t )ooes Wil ).ceoowrn(0 )] €R™ (4 D)



where X (1), W,(t) and Z(t) are the ncural input vector,
synaptic weight vector and dendrite input vector that include
the thresholding value, respectively. xpt) = 1 and wy(t) is
thresholding term or bias term.

Confluence operation
P -l
. {

= Neural

v 4 o

i lu(l}

i
—

Neural output

yineR

Nonlinear activatio
operation

Neural -output space

Neural input space
Fig. 1. The neuronal nonlincar mapping operation.

The nonlinear activation operation depends on  the
measurement method or the application of the works. In
general, a two-level data is used. In this paper will activate the
operator ¥ [u(#)] into a three-level data as shown in Fig. 2,
Then the operator ¥ [u(f)] can be expressed as

Y [u(n)] = sgn[u] if Jul>u,
=0 if Ju] < uy (5)

W [u(®)

=

n 0

Fig. 2. Nonlinear activation operators ‘¥ [u{f)].

where u, is an adjustable initial condition. Hence the output
u(t) which is obtained from the neural input vector X,(f) and
the synaptic weight vector W{¢) can be given by

"
w(e) = W' X = 0w, ®
1=0 5
wherei=1, 2,......n

Neural network can learn according to the error-based learning
algorithm or the supervised learning by using a general
equation of the error-base algorithm defined by

wi(t+1) =w, (1) +Aw, (1) (7a)
where

Aw, (0)=p x, () yalt)-y()] (7b)

and where w, (¢ ) is the synaptic weight corresponding to the
input x,( ), the parameter Aw , (¢ ) is the change in synaptic
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connection w , (¢ ) over an instant in time, p is the leamning
rate, y 4 (¢ ) is the desired neural output and y (1) is the actual
neural response to be calculated by Eq.(8).

At the initial stage. the synaptic weight is set to be a small
value as 0.009 and the synaptic weight vector W (1) is selected
to give the total error of the system to be 0.05 [9]. When the
learning rate p is small, the learning is slow. The large learning
rate will give fast learning but it will cause the system oscillate
or unstable. In this paper, the learning rate is sct to be 0.2 [8].
In the paper, the learning is backpropagation by multilayer
neural network (MNN). The typical MNN composes of input
layer, hidden layer and output layer as shown in Fig. 3. The
connection of each neuron is fully connected feedforward
except the output layer. Thus the relation of the output vector
and the input vector can be given by

Y1y = Ny[Ny[Mi[X(0) eR"j]] eR™

= WHW O W, (O W, (X0 1]

(8)
where @ is the symbolic operation for confluence operation.
X(t) €R" Fully connected feedforward
SENSOR INPUT
x,(0) | Left Front
x(0| Front Left Yi) R
L L e €ONTROL OUTPUT
Byck Left Forward(FW) | v (1)
liﬁ—:dzg Backward(BW)| v (1)
: Cfmm Back L.‘O Left Tum(LT) | v,{)
; Right Front T3¢ 4 4 Right Tura(iT)] 1,0
¢ | Front Right (+0O *
Center Right O
i [ Back Right O
¥ | Right Back O T
£,,(1)|Center Fromt Y
X(n) €R* o vin eR
t t) eR"
]
Input layer Hidden layerOutput fayer
(12 nodes). (20 nodes) (4 nodes)
(b)
Fig. 3. Neural networks, (a) Typical MNN. (b) Simplified
block diagram.

The goal of learning is to minimize the sum-of-squarcs-crror
energy functien or system error (9)

PN
E=—IZZ(r.""-y.""1’ (&)
 fare

wherep=1,2,...., Pandi= 1 2... Nand where P is the
number of learning patterns, N is the dimension of the output
space, 1 is the desired output of each of learning pattern and
7 is the calculated output obtained from of each of learning
pattern. The structurc of the control system using the proposed
controller for controlling the designed model car is shown in
Fig. 4.



Adaptive weights
Aw (1)

Desired output
w0

Xy eR =

Meural inputs

Backpropagation

(a)
Desired position Mowal Hgfelst——s Car Actual position
- w
e L)
Emor | £
+ =
(b)

Fig. 4. The structure of the control system. (a) Network
training phase.
(b) Block diagram of the control system.

3. DESIGN METHOD

In this section, the application of the proposed controller
designed by three-level data in neural network with
feedforward. supervised leaming and backpropagation to
control the movement of a designed model car is described.

TN,
Sensor input ! }
LF= Left Front RF= Right Front
FL= Froat Left Personal FR= Front Right
CL= Center Left | Computer 1 = Cealer Right

BL= Back Left BR= Back Right
LB= Left Back REO= Right Back
CH= Cenier Back CF= Center Fromt

Fig. 5. Designed model car using the proposed three-level data.

The square-type model car as shown in Fig. 5, consists of 12
measuring sensors. The left front (LF), center front (CF) and
right front (RF) sensors, and the left back (LB), center back
(CB) and right back (RB) sensors arc allocated in front and
back side of the car, respectively. In the same manner, the front
right (FR), center right (CR) and back right (BR) scnsors, and
the front left (FL), center left (CL) and back left (BL) sensors
are allocated in right and lelt sides of the car, respectively.
Each of sensors consists of 3 measuring units to measure 3
outputs according to the distance between measuring sensor
and the rim of the road. The 3 outputs are long, middle and
close distances from the rim of the road. Long distance and
close distance mean the rim of the road is longer than 1.5 and
shorter than 0.5 of the width of the model car, respectively.
While middle distance means the distance of the rim of the
road is shorter than 1.5 and longer than 0.5 of the width of the
maodel car. Henee, the three-level data corresponded to long.
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close and middle distances from the rim of the road are 1, 0 and
~1, respectively.

The input layer consists of 12 neurons (nodes) which
correspond to the 12 sensors allocated on the model car. In the
hidden layer, the amount of the neurons has been adjusted from
10, 20.....,.90 nodes in order to obtain the shortest leamning
time. It is found that the 20 nodes give the shortest learning
time for the total error E equal to 0.05. The output layer
consists of 4 neurons (nodes) which correspond to the forward
(FW), backward (BK), left turn (LT) and right turn (RT)
movements of the model car to be controlled. These 4 outputs
are called the control output. Each of control output is three-
level data, that is, 1, 0 and —1. For example. in case of the
forward movement, the data I, 0 and —1 mean fast forward.
stop and slow forward, respectively. The movements to be
controlled are forward (FW), backward (BK), left turn (LT)
and right turn (RT). :

4. SIMULATION RESULTS

According to the design method, the total learning patterns are
3" patterns. In the paper, 5 learning patterns are selected.
Table 1 shows the results of the sensor input and the control
output obtained from the 5 selected leaming patterns.

Table. |. Results of 5 selected learning patterns for sensor input
and control output.

5 Learning Patterns
CONTROL
SENSOR INPUT OUTPUT
tF{cF|RF|1B|CB|RB|FL|CL|BL|FR|CR| BR |[FW|BR|RT | LT
tjrf1}jolojojojofofofojojljo]jo]oO
DIOVAYI IS IS P I AR 1 JOJ0J0O 11
-tf-1{-1folof{ofojojojof0o]Of-1/0]0]0
olofo|141]1]0]04{0]0|0[0]JO|1]0]0
ITViiA Lol o 0] 1 L1 PLAT] 130|010
1.0000 -
-7 o%000 ¥ +—» Three-level data
"-'g 0.6000 e -9 Two-level data
5 04000
£ o200 + -
2 e,
0.0000 1 11I 1+

1. 4 7 1013161922 ?.S 28 31 34‘3740
Learning time(minute)

Fig. 6. Leamning time comparison.

Fig. 6 shows the comparison results of the three-level data and
two-level data in term of the average learning time for 35
selected learning patterns when the total error E = 0.03. It is
found that the learning time for the three-level data is 40
minutes approximately while the two-level data is 19 minutes.
In case of two-level data. cach of 12 measuring sensors has 2
measuring units and the control output has 4 outputs. cach of



which has 2 movements. However, the long learning time does
not affect the control system because the learning process is
pre-processing.

M @

Fig. 7. The 4 typical running lines for the model car.

Fig. 7 illustrates the 4 typical running lines that the model car
will move along. When the velocities of the model car are
designed as 0 cm./sec., 3 cm./sec. and 9 cm./sec. for stop, slow
forward and fast forward, respectively, ‘the moveraent
simulation results of the car running on the 4 typical running
lines are also shown in Fig. 7. It is-also found from Fig. 8 that
the running time of the three-level data system in each running
line is shorter than the time of two-level data. The reason is
that, in the three-level data, the car can move at high speed and
slow down when turns in the running line while the two-level
data gives constant speed along the running line.

Three-level data
CJ Two-level data

Running time (minute)

Running line

Fig. 8. Running time for 4 typical running lines.

5. CONCLUSIONS

A three-level data in neural network using feedforward,
supervised learning and backpropagation has been proposed in
this paper. The proposed concept is applied to control the
model car runs on the 4 typical running lines. It is found that
the running time is less than a ncural network using the two-
level data; although, the time in learning is much more.

The three-level data in neural networks can be achieved by
using the operator ¥ [u(f)] and the magnitude of the initial
condition 4, can be adjusted according to the range of the
operator ¥ [u(r)]. The three-level data in neural networks can
also be applied in the industrial control systems, such as level
tank system, robot system €tc.
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