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A Study on Adaptive Membership Function

For Fuzzy Inference System

Abstract

In this paper. a new adaptive neuro-fuzzy control(ANFC) system using neural
network based fuzzy reasoning is proposed to make a fuzzy logic control svstem
more adaptive and more offective.  In most cases. the design of a fuzzy inference
svstem relies on the method in which  an expert or a skilled human operator
would works in that special domain. - However. if he has not expert knowledge in
anv nonlinear environment, it is difficult to control in order to optimize. Thus, the
proposed adaptive structure for the fuzzy reasoning system can be controlled more
adaptive  and more  effective in - nonlinear environment  for changing  input
membership functions and output membership functions.  ANFC can be adapted a
proper membership function for nonlinear plant, based upon a minimum number of
rules and an initial approximate membership function.  Rotary inverted pendulum

svstem 1s simulated to demonstrate the efficiency of the proposed ANFC.
I . Introduction

Fuzzy theorv was initiated by Lotfi A, Zadch in 1965 with his seminal paper
"Fuzzv Sets”. Fuzzy inference syvstems have been successfully applied in various
arcas for intelligent control to expert svstem [2][91(10].

In most cases, the design of a fuzzy inference syvstem relies on the method in
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which an expert or a skilled human operator would operate in that special domain
[91[10]. However, if he has not expert knowledge for any nonlinear environment, it
is difficult to control in order to optimize. Thus, using the pro- posed adaptive
structure for the fuzzy inference system can be controlled more adaptive and more
effective in nonlinear environment for changing input member- ship functions and
output membership functions. Several algorithms of adaptive fuzzy membership
functions have been proposed in [2]-[6].

With rapid development of techniques for neural networks and fuzzy logic
systems, the neuro-fuzzy systems are attracting more and more interest since they
are more efficient and more powerful than either neural networks or fuzzy logic
system [2][9]-[12]. Many effective learning algorithm of neuro-fuzzy systems were
developed and many structure of neuro- fuzzy systems were proposed. For exam-
ple, Wang’s several adaptive fuzzy systems [2], Jang’s adaptive network based
fuzzy inference systems(ANFIS) [3], Lin’s neural networks based fuzzy logic
control and decision system [6), etc.

In the application aspect, neuro—fuzzy systems have been widely used in control
system, intelligent robot, pattern recog- nition, consumer products, medicine, expert
systems, fuzzy mathematics, information retrieval, etc.

This paper is organized as follows.

In section II, we propose a new adaptive neuro-fuzzy controller(ANFC) for the
structure, operations, and leaming algorithm.

We compare the proposed ANFC with the conventional fuzzy inference systems
through simulation results in section III. Rotary inverted pendulum control
system is simulated to demonstrate the efficiency of the proposed ANFC. The
conclusions and further works are given in section IV.

II. Learning Algorithm of Adaptive
Neuro—-Fuzzy Control System

This section represents the structure and learning algorithm of the adaptive
network which is fact a superset of all kinds of feedfoward neural networks with
supervised learning capability [4]-[8]. An adaptive network is a network structure
consisting of nodes and directional links through which the nodes are connected.
Moreover, part or all of the nodes are adaptive, which means each output of these
nodes depends on the parameters pertaining to this node, and the learning rule
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specifies how these parameters should be changed to minimize a preseribed error
Measure.

Neural networks are essentially low- level computational structures and algort
thm that offer good performance in dealing with sensory date, while fuzzy logic
techniques often deal with issues such as reasoning on a higher level than neural
networks [21[5]19][101.

However, since fuzzy svstems do not have much leamning capability it is difficult
for a human operator to tune the fuzzy rule and membership functions form the
training data set.  Thus, a promising approach for reaping the benefits of both
fuzzy systems and neural networks is to merge or fuse them into an integrated
svstem. The proposed ANFC aim at a proper membership function for nonlincar

plant, based upon a minimum number of rules and an initial approximate member
ship function.

i T

 iF 4
J\}:TJ |
M)

=+ » Output
= y |

S I
Eng !
-~ i

M i

Output

Laver] Layer2 Laver3 Laverd

Fig. 1 Adaptive Neuro-Fuzzy Control (ANFC)

The proposed ANFC algorithm consists of 4 layers which are Layer 1(a input
membership  function), Laver 2(a fuzzy AND operation), Layer 3(a fuzzv OR
operation), and Laver 4(defuzzification) in depicted Fig. 1.

The functions of cach laver describe the following algorithm for two input
Xy, Xo, respectively.

Layer 1 'This laver is a square node 7 with a node function for input membership
function depends on incoming input signals.

Oy = 1 (x)) (1)
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Oy,; = 1gi{xy) (2

where x,, x, are the input to node 7, and A, B; are the linguistic labels for

node function. Namely, O, ; is the membership function of A;, B; and it specify

the degree to which the given x,, x, satisfy the quantifier A, B;, respectively.
pa(x)), up,(x;) choose to be gaussian membership function for input x;, x».

Each node represents one membership function for one linguistic term.
Input membership functions in this layer are an defined by

X, — ¢
0y,i= 1a,(x) = exp [—(———Ia,
H

)]
for i=1, 2, =, k (3)

0L = 1 (x2) = exp [—( "2;,’"{ )] for i=1, 2, ., 1 ()

where ¢, @; m;, B; are centers and widths of 4 (x1), up,(x,), respectively.

Layer 2 This layer labeled IT performs fuzzy AND operation.

Every node in this layer is a fixed node, which operates the incoming signal
from every set of the membership function nodes for their corresponding input.
Each node output indicates the firing strength of a rule. For instance,

0, ;= min(u4;(x1), #p(x2)) )

Layer 3 Every node in this layer performs a fuzzy OR operation for the output
membership function.

An adaptive node function is a gaussian membership function for the output
layer. Each node represents a simple output membership function. The link weight
of this layer is equal to 1.

03 ;= max( Oy, ;) for i=1, 2, *, kX! (6)

Layer 4 The single node in this layer is a fixed node labeled 2, which performs
the overall output as the summation of all incoming signals. It transits the fuzzy
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output to crisp signal used for control. This function can be used to computes the
center of arca defuzzification method.  The function of the node can be describe by

Tuning Parameters

The Proposed ANFC network  structures are adjust the parameter of input and
output membership  functions  optimally. The back propagation  learning
algorithm 1s emploved to fine-tune the membership functions for desired output.
Considering a single output, the aim is to minimize the crror function by

E =73 %(T, —0)" (*)

=1

where T, O, are the desired output and the measured output, respectively.

To represent the learning rule, we shall show the computation of g%

layer, starting at the output nodes. and we will use gaussian membership function

layer by

with center s; and width o, as the adjustable parameters for these computa

tions.

Layer 4 Everv node in this laver needs to be tuned the center and width of the

output membership function. The adaptive rule of the center s; 15 derived as

OF _ _9E 9004,
ds, 30, , ds, (9)

= —[T/ (- 0(H] — "2
201'03_1'

Hence, the center parameter is updated by
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S,'(t+ 1) =$,‘(t) (10)

0,0;,;

+ 7l T;: () — 0]
0,03,

where 7 is the learning parameter.
Similarly, the adaptive rule of the width o; is derived as

dE _ _9E 904
ao; 804,,' d0; 1D

= —[T:(9 — 0(9]
8,03_,'(20,'03,,') - (Zsio'iOSLi) Os,i
(201'03.;')2
Hence, the center parameter is updated by
o(t+1) = 6;(D+ 7 T;:(H — 0L} (12)
Sioz,i(zo'ioza,i)“(Zsio'ioa,i) 03,
(20103,;‘)2
The error to be propagated to preceding layer is derived as

oE
00y,

Layer 3 In this layer, no parameter needs to be regulated. Only the error need to
be computed.

8= — = T,(— 0:(d) (13)

_ __B8E _ __3E 904
83, = 00;,; 904, 00s; 1
004
v (15)
siO',-(ZO','O&;‘)_(ZsiGiOB,i)Gi _;QE_

(20;'03,;')2 804‘,-

Hence, the error signal is

83,48 = [T:i(§) — 0LD)] 1”n
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51‘01(201 03,1‘) - (ZS.(U,'O&;')OI
(201'03.1)2

Layer 2 In this layer, only the error need to be computed.

5, — —0E _ _ 9E 905
_ . 0E
a()f%.z O3.1

Layer 1 Everv node in this layer needs to be tuned the centers and widths of the

mput membership functions. The adaptive rule of the center ¢; is derived as

0E — _IE _801.1.
ac; 00, dc; (19)
_ _OE 2(x,—¢)
aOl,I 013
where
0E  _ _9E 00, (20)
00, ; 00, 90, -
where from equation (4.16),
—aa—OE— = — 5, 1)
20, ;
iy
90, , g (22)
1 if Ol‘, = mjzn
_ ( input node 1)
0  otherwise
2(x,—¢; .
c{t+1) =c(H+ 7761'1»——(—:;2 ) (23)

7

So the update rule of ¢, is defined by

ci(t+1) =c(D (24)
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— 7l T:(9) — 0]

l

Similarly, the update rule of a; is derived as

OE _ _9E 90.;
8a,- 301,,' aa,-
_ JE 2(x;;—c)
N a()l,i a,-3

a(t+1) = a(t) + 7131,1'2—(}2_;362‘

Hence, the update rule of «; becomes
a,-(t+ 1) = a,'(f)

Ty — o Zas e

Similarly, the update rule of me;, B; are derived as
m(t+1) = m(D)
— LT - 0] EE
B(t+1) = BD

2(962 m)

— gl T;() — 0(D] FE

II. Simulation Results

2(x1

¢

(25)

(26)

21

(28)

In this section, we appled the adaptive neuro-fuzzy controller(ANFC) which is

proposed to the rotary inverted pendulum stabilizing problem [13][14].

The rotary inverted pendulum includes nonlinear dynamics which is difficult to

control.
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Fig. 2 Rotary Inverted Pendulum System

We must be satisfied two conditions for control of the rotary inverted pendulum:.

First, it is a position control that any position moves to the objective position.
Second, 1t is @ balance control that is stabilized the pole to inverted forward,

Fig. 2 shows the rotary inverted pendulum svstem.
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Fig. 3 Proposed Adaptive Neuro-Fuzzy Controller

The proposed ANFC performs the minimization for the conventional controller
(LAR) output(Fig. 3).

The dynamic equation of the rotarv inverted pendulum svstem are presented
follows.

](p == _% Wlp[ (L/g 6’[; (30)
+ Lp 0'1,(;05((),)\))2 + (L/-) 3}51’1‘1(9;0)2]

Ky = &6 (3D
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Pp = mpgLpcos(6p) (32)
where Kp;, Kp, Pp are the kinetic energy for the pole of the rotary inverted
pendulum, the kinetic energy for the base link of the rotary inverted pendulum, and
the potential energy for the pole of the rotary inverted pendulum, respectively. my
is mass of pole.

The dynamic equation of the rotary inverted pendulum system solved using the
Lagrangian equation. It's equation determines to the kinetic energy and potential
energy in generalized coordinate.

By using a above equation, we obtain by Lagrangian equation as follows.

(mpL%+ Jp)0p+ mpLgGpLpcos(6p)
—mpLBt?'pLPsin(ﬁp) = T

mpLBLpe-.PCOS(ep) - mprLB 9.}7 ggSil’l(ep)
(33) ) \ (34)
+mpLy0p— mpgLpsin(fp) = 0

A torque T by DC motor is given the following form.

That is

u = V=1IR,+K,0o, (35)
K, K2,

T = 1IK, = R, V- R, @ (36)

where #, w,, are the plant input and rotate speed[rad/s] of the motor.

Table 1 System Parameters of the Rotary Inverted Pendulum

Parameter Symbol Value Unit
Length of Pole Lp 0.305 m
Mass of Pole mp 0.210 Kg
Length of Base Link Ls 0.145 m
Inertia of Base Link Is 0.0044 Kgm®
Motor Armature Resistance Rm 26 2
Motor Voltage Constant \'% *+5.0 A%
Motor Torque Constant Km 0.00767 V/rads
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Thus, we can find the state equation as following svstem parameters(Table 1),

That 15

Oy
by
0y
gy

where

%4k Traass)

Fig.

| 1 = 0.0031 0.0088 0 [
0 -] 0.0006 0.01 Op
- (0.5935  0.7787 0 —(.0031 Oy
0.6036 1 0.1063 1.031 G,
(1.0022
1
+,
0.4161 |
—.1942
sampling time 1s 0.01sec.
Angular Veloaty of Pole(h,)  xgk)
50 1na S0 200 56 [”mBEO](!
(b)Y Angular Velscty of the Pole
4 Simulated results of proposed

19) {rad]

Angle of Paledy )y x k)
! i e
,,,,,,,,,, ... i === LQR
{ —— ANFC
0 100 150 200 250 7;0D
& {nrmel
(b) Angle of the Pole
ANFC for the Rotary

Pendulum Angle of the Base -Link and the Pole

(mmmmme - LQR.

—————— ANFC)

For the proposed ANFC, parameter used

output membership functions.

7 input membership functions and 49

In the initial parameter, 65, 0p, 6y, 6, arc 05,

0.1, 50, 0, respectively. Learning parameter, 7 is 0.03.

Fig. 4 shows the simulated results of proposed ANFC for the rotary inverted

pendulum Angle of the Base-Link and the Pole. LQR is dashed line and ANFC is

solid line.

Inverted



426 BERASR KBt WOCE 218

Angular ¥ elocity of Base-Linkiy £ 300

Ange of Dase-Link(®) : x;(®
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k [time)
(%) Angular Veloeity of the Base-link (a) Angle of the Base-Link

Fig. 5 Simulated results of proposed ANFC for the Rotary Inverted
Pendulum Angular Velocity of the Base-Link and the Pole
(=== : LQR, : ANFC)

Fig. 5 shows the Rotary Inverted Pendulum angular velocity of the Base- Link
and the Pole.

The proposed ANFC result(solid line) is more effect than the conventional con-
troller(LQR) result(dashed line) in the convergence time. As compared to con-
ventional controller, it provides improved performance. Thus, the proposed method
can be controlled more adaptive and more effective in rotary inverted pendulum for
changing an input member- ship functions and output membership functions.

VI. Conclusions and Further Works

In this paper, we proposed adaptive neuro-fuzzy controller(ANFC) with appli-
cation to rotary inverted pendulum.

With simulation results, the proposed ANFC results is more effect than the
conventional controller(LQR) results in the convergence time. As compared to con-
ventional controller, it provides improved performance. Although LQR is robust
controller but the proposed method can be controlled more adaptive and faster con-
vergence time than conventional controller (LQR) in nonlinear environment for
changing an input membership functions and output membership functions. As it
were, the proposed ANFC has learning ability which can be used in the fine tuning
of membership functions to mini- mize the output error of the control. Moreover,
the rule base can be generated automatically by the proposed ANFC. A simple
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structure and a high speed computation are the most advantage in proposed ANFC.
Thus. this proposed algorithm is verv useful for fuzzv logic control because the
needs for the expert knowledge are relative much lower com- pared to conventional
fuzzy logic control.  However, this algorithm must be attended learning parameter,
7 which effects for learmning speed and the convergence time.

Further works, we will establish more effect and more reinforcement  algorithm,
Also, the lack of stability analysis for both neural networks and fuzzy controllers is
the major reason why conventional control literature is resistant to these controller.

Therefore. we think that the establish  ment of stability analvsis for ANFC can

greatly expand the application domains of neuro fuzzy controller.
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