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ABSTRACT

In this article, the authors use three control algorithms on the inverted wedge, including
of LQR, Fuzzy Control and neuro-fuzzy. Simulation results show that all methods can balance
the inverted wedge. Besides, the authors build successfully the experimental inverted wedge
model which is based on computer communication between Matlab software and DSP
TMS320F28335 card. Experimental results show that neuro-fuzzy control method can
stabilize inverted wedge in vertical position. The values of angle and position of load vibrate
around the expected equilibrium position.
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TOM TAT

Trong bai viét nay, tac gid da su dung ba phirong phdp diéu khién trén hé con ném nguroc
la: phwong phdp LOR (Linear Quadratic Regulator), phuong phdp dieu khien mo va phwong
phap noron-mo (AI\{FIS); Két qua mo phong cho thay ca ba phwong phdp diéu khién trén déu
¢0 kha nang can bang on dinh h¢ con ném nguoc. Bén canh do, tac gia da xdy dung thanh
cdng mo hinh thyc nghiém hé con ném nguoc thong qua giao tlep may tinh giza phan mém
Matlab véi card DSP TMS320F28335. Két qua thuc nghiém cho thdy phwong phdp diéu khién
noron mo hoan toan cé thé diéu khién can bang hé con ném nguoc theo phwong thang dung.

Gia tri goc nghiéng va vi tri vat nang thu dwoc luon dao dgng xung quanh vi tri can bang
mong muon.

Tar khoa: Can bcing, con ném nguoc, diéu khién mo, noron mo, LQR.

L INTRODUCTION inverted Wedg_e system. The model balancing
controller designing is based on control the

There are many methods to control weight moving on the sliding plane. The
nonlinear systems, such as linearity method, simulation result shows that the stable
sliding mode control (SMC), artificial neural  balancing within the limit angle of + /2 and
network control, fuzzy control, adaptive the response time of about 2,5 seconds. In [3],
control or many optimization algorithms  Neuro-Sliding Mode controller is used. In a
(GA: Genetic Algorithm, PSO: Particle simulation, the system is stable at 0.55
Swarm Optimzation). The selection of a seconds and the angle deviation is about 5°.
suitable control method for a certain In [4], the authors used the fuzzy control and
nonlinear object requires a lot of time and  sliding mode control to balance the inverted
experiments. wedge. They also used a duty belt to move
In [1], the authors used Sliding the load weight across the horizontal plane.

Mode-Fuzzy-PID controller to balance the The simulation results show that the system
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is stable in equilibrium position within a
response time of about 7 seconds. In [5], the
authors used the belt to drag a load weight at
the two sides of the inverted wedge to
balance the system. The main control method
of the research was to design the LQR and
the SMC controllers to the stabillize system.
The settling time is only 2.5 seconds with a
small angle deviation.

The idea of applying modern control
methods to actual object control approaches
to some references on the inverted wedge
system-a nonlinear system. This model
describes the balanced model of the ship in
the maritime field. The system used the
weight of the load through the traction of the
motor to balance the center of the object.
Because the inverted wedge is a complex
nonlinear system, it is difficult to accurately
determine the mathematical model. Besides
that, the parameters of the system must be
absolutely accurate. However, it is important
to design a suitable controller for controlling
the balance system and this is also the main
objective of this paper.

2. MODELAND CONTROLLER
2.1 Model of inverted wedge

Inverted wedge modeling is shown in
figure 1 below

Figure 1. Inverted wedge modeling [1]

The symbols and the simulation
parameters of system are listed in Table 1.

Table 1. Parameters simulation of the
inverted wedge system [1]

Symbol Explanation Value
M Weight of inverted wedge 3,0 kg
m Weight of loads 0,65 kg
c Distance between rotary 0,06 m

axis and center
d Distance between rotary 0,12 m
axis and slide surface
bl Coefficient of friction on 0,4 N/m/s
rotary axis
b2 Coefficient of friction on 10 N/m/s
sliding surface
g Acceleration of gravity 9,81 m/s?
Km Induction coefficient of | 5Nm/A
motor

Applying the Euler-Lagrange method,
we obtain

ad
dt

oK
G,

oK P
g, 9q

=T (i=12) (1)

Where: K is the total kinetic energy; P is

total potential; T is the momentum;
T
= 0 0, isthe state variables.

For the inverted wedge system, we have
01=0; q2=X. Define the nonlinear equation of
the inverted wedge system as follows:
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then, we obtain the linearization equations
(F=KnU is the force of motor) as below:

0 1 0 0
ol 9 b -m  bd [0
i ¢ Mc®  Mc? Mc? 0
= +
J7L o 0o 1 y
| | gd -bd -mgd [bd® b, |||x
T_g Mc2 M2 Mcz+a
- _ y 3)
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¥ 0
2
&
I Mc® m |

2.2 LQR method

LQR is built on the principle of state
feedback. The controller receives the input
signals as the state of the system, this values
will calculate and converted into control
signals for the system.

F &

LOR 5| PROCESSING | ¥

h i -‘lf angle |
angular velocity
position

spead

Figure 2. Structure of LQR controller
Consider that the linear system is
X = AX+Bu 4)

then, the matrix K, matrix of the optimal
vector control is selected to obtain control
signal as below:

U =K, x() (5)

and function J below to reach minimum

o0

J= _[ x TQx+u' Ru dt (6)

O

Where: Q is the positive determinant matrix
(or semi-positive), R is the positive
determinant matrix.

The K, matrix is defined by the Riccati
equation as in equation (7):

K, =RB'P (7)

Substituting (7) into (5), we have the law
controller as follows:

u(t) =—K,x(t) = R"BTPx(t) (8)

So, the matrix P must be based on the
Riccati equation:

PA+A'P+Q-PBR'B'P=P 9)

When P does not change follow the time
(P =0), we get Riccati algebra as follows:

PA+ATP+Q-PBR'B'P=0 (10)

Considering that equilibrium point of
systemisat (6=0,0=0,x=0,x=0 and u =
0), basing on the Matlab software, we find
the state matrix A, B and select the matrix Q,
R in the target function J as follows:

0
0 1 00
160
A=|196.2 -667 -7848 -720 |:B= 0 |
0 0 0 1
27533
13734 -08 -94.176 -1614|
100 0 0 O
o- 0 100 R _10
1o o010
0001

The optimal K, matrix is:
K. =[15.797 1.373 -55.214 -4.295]
2.3 The direct fuzzy controller

Schematic diagram of the direct fuzzy
controller:

ﬁ?_’ CONTROL

State wariable

Figure 3. The direct fuzzy controller
structure

The direct fuzzy controller is designed as
a MISO (Multi Input Single Output)
controller with 4 inputs: angle, angle velocity,
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the position of load, the speed of the load and
one output: the motor voltage. The limitation
of each variable is:

e Angle deviation 0(t): [-pi/2,pi/2] (rad)

o Angle velocity € CtD - [-1,1] (rad/s)
e Position x(t): [-0.3,0.3] (m)

e Speed of the loads <Ct) : [-1,1] (m/s)

e Voltage supplied to the motor
DC:[-24,24] (V)
The fuzzy rule is based on the

experience and knowledge on the operation
of the inverted wedge system. We choose the
number of the fuzzy set for every input is 3,
so we have the number of a fuzzy rule is 3* =
81 and the fuzzy set output is 7. The
membership functions are as shown in Fig.4.

n
K NB NM NS |[ZE PS PM PB
NE ZE PO
put

output

-1 0 1 -1 =23 -1/3 0 173 2/3 1

Figure 4. Membership functions of

inputs/outputs
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S
o
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B
%, : 1
a;
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Layer 3

The input/output language variable and
the membership functions are defined as
follows: {NE (negative), ZE (zero) and PO
(positive)} and {NB (large negative), NM
(medium negative), NS (small negative), ZE
(zero), PS (small positive), PM (medium
positive), PB (large positive). We construct
the fuzzy control rules by:

e Fuzzy encode by MAX — MIN method.

e Fuzzy decode by the weighted method.
2.4 Neural-Fuzzy controller [2]

ANFIS  (Adaptive  Neuro  Fuzzy
Inference System) is an adaptive neural
network based on the fuzzy inference system.
The fuzzy neural network consists of 5 layers,
2 inputs and 1 output as the diagram (5).
However, we could design many different
structures of the neural network.

Layer 4 Layer §

'y

g

Figure 5. The Fuzzy neural network structure with 2 inputs and 1 output

e The 1% Layer: As the input layer, every i
neuron has the corresponding input
signal. The output of the nodes are the
membership functions that change with
fuzzy sets.

e The 2" Layer: Each node is the output
value of the fuzzy rule. They are labeled
as II, because it may be having many

different t-norm operations for a node.
The value of the output coefficients of the
law is calculated as follows:

o =min A,B, ;a, =min A,,B, (11)

e The 3" Layer: The ith node is calculated
as the ratio of the output coefficient of the
rule at that node on the sum of the
previous coefficients.
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o Q,
ﬁl = 1ﬁ2 =

o + o,

o+, (12)
e The 4™ Layer: The value of each neuron
is calculated as follows:

f; :ﬁi(Po‘i'iPiXi);i:l"z (13)

Therein, P; is the adjustment parameters.

e The 5™ Layer: The network output is the
sum of the previous neuron output values.

iﬁ,f,,l—l 2

(14)

The designing steps of the fuzzy neural
network controller are based on ANFIS
toolbox in the Matlab on the inverted wedge
system.

e Step 1: Developing a training data sets
based on a fuzzy controller and
performing some other data processing.

e Step 2: Loading the training data set and
testing data set into the ANFIS interface.

e Step 3: Selecting the membership
functions as the Gaussian function, the
number of input variables is 4. Thence,
we need to choose the number of
membership functions for each input
variable is 3.

e Step 4: Setting the training error and the
number of iterations for the training
process is 50, the training algorithm is
backpropagation hybrid with the least
square error.

e Step 5: Checking the training values after
the training process is completed and
save the fuzzy inference system of the
trained.

e Step 6: Simulating the testing results.

The structure diagram of the neural
network training and training data are shown
in Figure 6 and Figure 7.

Anfis Model Structure

Logical Operations
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Figure 6. The structure diagram of the fuzzy-
neural network after training
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Figure 7. The data after training

The neural network training structure
diagram is shown in figure 6, the number of
membership functions is 3. The data after
training in figure 7 shows that the error
training is 1,17.10° this value is small and
acceptable.

3. SIMULATION AND
EXPERIMENTAL RESULTS

3.1. Simulation results

LQR controller has the most simple
structure (with only linear structure) compared
to Fuzzy and fuzzy-neuro controllers. The
complexity of fuzzy and fuzzy-neuro structure
depends on decision of designer. If the
designer knows features of the system well,
they can choose more complicated
memberships and bigger rule-table for fuzzy
controller. With fuzzy-neuro structure, the
designer can choose the more complicated
network of ANFIS to make a controller to
have a more ability to adapt the control
situation. The more complex the controller has
more ability to be better if we can choose
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suitable control parameters. The
disadvantages of a more complicated structure
of controller are the big quantity of control
parameters requires more time and effort to
choose better values. Relatively, in this paper,
we spend time to try each controller:

- In LQR control: the best controller is
designed from most valuable weighing
matrixes through trial and error test.
After a period of time, the quality of a
controller is improved very slowly. That
is the limitation of simplicity of the
linear structure of the controller.

- In fuzzy control: the input/output
memberships are chosen as Figure 4.
Then, trial and error test are used until
the improvement of control quality meet
saturation.

- In fuzzy-neuro control: the data of fuzzy
control are used to train ANFIS
structure. Due to more complicated
structure of ANFIS, compared to fuzzy
structure, the training can give better or
worse results. Then, the best results after
a period of trial and error testing in
training are obtained. Actually, the
purpose of ANFIS is to imitate another
controller. Because of the more its
complicated structure, a better control
results, which do not depend on the
ability of training but depend on
mutation of learning, are obtained.

These processes give results that more
complicated structure of controllers give
better ability to obtain better control quality
from trial and error test.
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Figure 8. With initial condition as 6 = 30°,
x=0.2m
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Figure 9. With initial condition as 6 = 60°,
x = 0.3m and noise signal

Simulation results are shown in Fig. 8
and 9. Simulation results show that all three
controllers can stabilize inverted wedge
system. The fuzzy-neural control method
produces the best result with large initial
angle control, short setting time.

3.2. Experimental results

The Figure 10 is the block diagram of
the experimental model on the inverted
wedge system.

COMPUTER

QurLas)

H BRIDGE

ENCODER
DC MOTOR
(POSITIO_\')l ‘

ENCODER CARD DSP
(ANGEL) TAMSIZOF23335

Figure 10. The block diagram of
experimental model

The computer is capable of collecting and
processing information collected from sensors
through a DSP TMS320F28335 card. Control
programs are programmed entirely on
Matlab/Simulink and CCS v3.3. From the
signals that are collected from the real-time
embedded system, the computer will process
and send the control output signal to the driver
as a DC motor by generating PWM signals for
H-bridge circuit. The feedback values of the
angle and the position of the load are collected
by two rotary encoders. The sampling time of
real-time operation is 0.01 seconds. Fig. 11 is
an inverted wedge model and experimental
results obtained by the fuzzy neural control
are shown in Fig. 12, 13 and 14.
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Figure 13. Position of wedge model (m)

Figure 11. The real-time inverted wedge
model
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