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Abstract

In this paper we propose a fuzzy-neural network (FNN) which includes both advantages of the
fuzzy logic and the neural network. The basic idea of the FNN is to realize the fuzzy rule-base and
the process of reasoning by neural network and to make the corresponding parameters be expressed
by the connection weights of neural network, After constructing the FNN, a novel controller
consisting of a conventional P-controller and a FNN is explained. In this control scheme, the
rule-base of a FNN are automatically generated by error back-propagation algorithm. Also the paral-
lel connection of the P-controller and the FNN can guarantee the stability of a plant at initial stage
before the rules are completely created. Finally the effectiveness of the proposed strategy will be
verified by computer simulations using a 2 degree of freedom robot manipulator.
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Fig. 1. The structure of a fuzzy logic controller,
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Table 1. The functions of basic component.

Compontnt Functions Method
Fuzzifier - measure the value of | - fuzzy singleton
input variable - fuzzy number
- scale mapping - isosceles triangle
- convert input data into
corresponding  fuzzy
sets
Rule-Base | - provide control goals
and strategy of the ex-
pert by means of a set
of lingistic control
‘rules
Inference - Simulating human de- | - direct
engine cision making based on | - indirect
fuzzy inference logic - hybrid
Defuzzifier | - convert an inferred | - max criterion
fuzzy sets into a crisp | - Mean of Max.
control action Method (MOM)
- scalirg mapping - Center of Area
Method(COA)
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Fig. 2. The structure of a fuzzy-neural network
(FNN).
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Fig. 3. Premise part of FNN.
(a) Membership functions of premise,
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(c) Degree of membership of

a fuzzy variable.
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Fig. 4. Fuzzy-neural hybrid control system,
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Fig. 5. 2DOF planar robot manipulator.
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Table 2. The parameters used by FNN.

Parameter | Value Content
Ge 5.0 scaling factor of premise
Gee 0.5 scaling factor of premise
Gf 100.0 scaling factor of cosequence
1 0.001 | learning rate

A ARG FFIES A B 32 2o] A7
Mg ZREYIC] Holo} AFL vojFT Ut F 4
= F8t717e]l FNNe| &7)71Eajolu), slro] o]
AA7IE el M o] MR 73 EE 3= BElo
= BT TE3EE WAE 2% 1.02.8 T3,
FA%9 A M gle AduHolmg WC, WCy,
WCiz -0.01~+0.0141019] ol delz Helstod
z2713} st

X = 0.3 + 0.25cos[0(t)] (18a)
Y = 0.3 + 0.15sin[0(t)] (18b)

wojdd Axrt a8 6~ 9 139 FolA] o). &
Fote 59 ZHEQ AAqAZe} A5l A2y} ol
6, 79 Fo1A Atk aF 6ollA] B upe} o] kAl
gl okl Qa3 A5t ehES AG s wel
aks MA3] EojET T2la aY 73 go] 253 8
& AW 2REE A9 ehdsli Folx HAL F
288 2 Utk

¥ 8~1% 112 shrshs B 2HEQ Zztel 2

E 3 AfxE 2EEQ 837 visHs
Table 3. Link parameters of 2 DOF
robot manipulator.

Link 1 Link 2
Length 0.53m 0.47m
Mass 2.5kg 2.0kg




25 4 FEAR SRS ol F AR Aol FH e APl B AT 125

E A ZRIE 19 i3 FNN9| 27] 7FA] 0.60
Table 4A. Initial weight of FNN for joint 1. ]
o5o§
i WA, WCi WC, WCi, ]
1 | 1.000 0.006 | -0.006 | 0.009 Bou
2 1.000 -0.003 0.007 -0.004 o ]
- . 3 — — —. Desired th
3 1.000 0.006 0.002 0.000 g 0.30 ==~ Degired ped
4 1.000 0.008 -0.001 -0.005 O
5 1.000 -0.009 -0.004 0.002 £,020
6 1.000 0.007 0.010 [ 0.005 E
7 | 1.000 -0.006 | -0.007 | -0.006 107
8 1.000 -0.002 0.003 -0.005 E
9 | 1000 0.003 0.005 0.005 Y R U T tiow G
HE 4B RRIE 29) Bi§ FNNe 27] 7153 2 7. 208 A El5Al 2R ES] A2
Table 4B. Initial weight of FNN for joint 2. Fig. 7. Desired and actual path of a robot
at the 20th learning trial.
i WA, WCi WC, WCy
1 1.000 -0.004 -0.010 -0.003 on
2 1.000 -0.003 -0.003 -0.002 ] 60000 P torque
3 1.000 0.008 -0.005 0.002 Jon.00 plsisiing S S
4 | 1.000 -0.001 0.001 0.004 g
5 | 1.000 0.004 0.005 | -0.006 DR A
: 1 /
6 | 1000 | -0.008 | -0.003 | -0.007 2 oo A
7 1.000 -0.007 0.003 0.010 E U U f¥h—
8 1.000 0.001 0.009 0.003 et
9 1.000 0.002 0.009 -0.008
~100.00, 35 1.60 200 3.00 4‘30 5.00 s.00
Time (sec
2! 8. AAA g5 ZRAE 1o 7HeliAe
os0 Eo 19 W3}
) Fig. 8. Torque applied to joint 1 during
3 the 1st learnign trial.
oﬁoi
’é\ 'I:‘ 180.00
:0.40 < oo 00060 ?th)lr%\:t;ue
a ola. orque
E — — — Desired path £
g 9:30 e A(ezil):ll;fl plz)l?.h 5 60.00
= ®
n 3 =]
Cg 0.20 f E 0.00 —i A 7\ AVRV
0405 80.00 3
E too.00 3% T8 28 . 30 4.gu 1Y) o3
T %;éb":;c‘_'éiéb'")'("6(’16")”"6'56 """ oo Time (sec
ositlion m
O™ 9. A SEA] ZRAE 29 7H6i1A]=
a2l 6. A Al RHEQ AR Eeae] Wit
Fig. 6. Desired and actual path of a robot Fig. 9. Torque applied to joint 2 during
at the 1st learning trial. the 1st learnign trial,
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Fig. 10. Torque applied to joint 1 during
the 20th learnign trial,
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Fig. 11. Torque applied to joint 2 during
the 20th learnign trial.
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Fig. 12. Control surface of joint 1 during
the 20th learning trial.
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Fig. 13. Control surface of joint 2 during

the 20th learning trial,
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Table 5A. Identified weight of FNN for joint 1

after the 20th learning trial.
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i WA, WCi WC, WG,

1 1.193 -0.525 0.244 0.315
2 1.017 -0.156 0.050 0.091
3 1.839 -1.406 0.654 0.063
4 1.152 -0.553 0.161 0.014
5 1.097 -0.361 0.167 -0.230
6 1.007 -0.105 0.030 -0.043
7 1.118 -0.247 0.455 0.124
8 1.062 -0.292 0.149 0.176
9 1.650 0.157 1.331 0.110

H 5B 203 ¥ 2UE 20 T

FNN$] 7}53]

Table 5B. Identified weight of FNN for joint 2

after the 20th learning trial,

i WA, WCi WCy, WC,

1 1.203 -0.134 0.679 0.126
2 1.080 0.052 0.432 0.093
3 1.008 -0.042 0.128 -0.041
4 1.101 0.363 0.187 -0.237
5 1.001 0.039 0.012 -0.020
6 1.780 1.322 0.674 0.015
7 1.056 0.335 0.062 0.025
8 1.228 0.542 0.289 0.389
9 1.003 0.064 0.016 0.035
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Fig. 15. Desired and actual path of a robot
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Fig. 14. Response to unlearned trajectory.
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at the 1st learning trial(after increse
the weight of link by 30%).
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Fig. 16. Desired and actual path of a robot
at the 10st learning trial{after increse
the weight of link by 30%).
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