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Fuzzy Neural Network-based Visual Servoing ;:part 1
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(Tae-Won Kim* I-Hong Suh)

Abstract—It is shown that there exists a nonlinear mapping which transforms image features and

their changes to the desired camera motion without measuring of the relative distance between the

camera and the object. This nonlinear mapping can eliminate several difficulties occurring in comput-
ing the inverse of the feature Jacobian as in the usual feature—based visual feedback control methods.
Instead of analytically deriving the closed form of this mapping, a Fuzzy Membership Function—based
Neural Network (FMFNN) incorporating a Fuzzy —Neural Interpolating Network is used to approxi-
mate the nonlinear mapping. Several FMFNN’s are trained to be capable of tracking a moving object
in the whole workspace along the line of sight. For an effective implementation of the proposed FMF

network, an image feature selection process is investigated. Finally, several numerical examples are

presented to show the validity of the proposed visual servoing method.
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Fig. 2 The schematic diagram of the Fuzzy—
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Fig. 6 Tracking performances of our proposed
visual controller for the case when the ob-
ject moves aroun a circular path X*+Y?=
(500mm )* with the angular velocity of
2rpm.

If 8 Fi is Negative Large, then 8 z: 1s
Positive large, or

If 8 F: 1s Negative Medium, then § x: is
Positive Medium, or

If § F: is Negative Small, then 8 x: is Positive
Small, or

I SF is Zero, then 8 x: 1s Zero, or

If 6 F: is Positive Small, then 8 z: is Negative
Small, or

If § F: 1s Positive Medium, then 8 7 is Negative
Medium, or

If § Fi is Posttive Large, then Jx:i is Negative
Large.

27 1eA] @i IFREY 44dtdoln, 27
Aie HA tAle] THEN 232 443840
223 gv ARG AR B =R Ao
‘Positive Large(PL)’, ‘Positive Medium(PM)’,
‘Positive Small(PS)’, ‘Zero(ZE)’, ‘Negative Small
(NS)’ ‘Negative Medium(NM)’ ‘Negative Large
(ML)'¢f 77Melmz g& 7o)t}

Folal sz FARe THEN £% 42 g4=

O

ol

1016

Trans. KIEE, Vol. 43, No.8. JUN 1984

AZFEoR 27 69 Fo] z7)o Fojal &, =
oA SF o el Yat=6X: 7} Yo 4
()M A 25 g9 T4 AANE o] 54
Zel. ol 5 Sof §F 7k NLt NMafolg] gho]it,
Ha el od AALESX: 7} Yt SX:9
thEull, 4] (14)el 98 THENZE 42
PLzt PMe] &4 97} 2" g o] FHc}t

5 oAy

FMFNNE o] &3 «7 % e 45
27 &l AFH AL s@3e. 294
oz B2 sk Ftulel Abol2l 7178 24| (Kine-
matic relation) & ¥ 3l1, Ftellels ¥ E(pin-
hole) #@l=z=2 wela)dlc}, AodAl(real image)oll
Aol ie]A(noise) A¥-S mAastr] $& o
AH B FEH G4EAN ro|2E Zil3yg
ot & AlAFS ziwre] @

Zl“‘}% aelslr) & 3o}

24y e A EAlT 0.2mx0.2m 4463,
o8 Foifln, A% solele ZAA= e} o4
Z7] ol4(image scale factor)= 7t 14mm9¥
0.05mm/pixelo] 2} 7} 3ot zelan 7% JA
< 33F EX YR (°Prx, P oPiz) = EAH 23
] A (00m, 0.0m, 0.03m)E 3tch 200msec

=% AzbEet Adlelvl X, Y, 228 we &

F 5= A ol 5 A 6 Xoex 8 Yrar 6 Zmax

25 S0mmet o 4-olA e GAEA A
J Aol old) AAEAR, Fp £ 47 &4
Qe FAFAY x, yFHIoln, Fae 5344
(° Pz, °Pryr oPr2) 9} A A Aol A& EA
Aol azivlold, el S Fimz% 8 Fmzt
(0.05m, 0.0m, 0.35m)2} (0.0m, 0.05m, 0.35m)
ol 41 2% 4lpixelo] =T 6 Fsmx + (0.0m, 0.0
m, 0.35m)ell 4 0.92727} Hr}. 2o AgoAe
Mizt M5 2% 72 gl = 7p4|odd(VR)S
7x79 Fododo g JHa oL
Zlolvh, 2w Msi= 12 74 3ch 4] (10)9]
49 A axe) = (sigmoid) 49 71&7] F
05, &5E 712 300l SFo Hde 24
8 Xia®l #HAE w7l & FMFNNL 23
(error)e] Aol 0.0001x.ct ZHArt 710}’“!4177}
=] 8rgrdlce), 2 S45ol 9o A4 Sl4E 250
S 9A dskeh 4EH FAE w2 —rhf} 250
Flo] uwbE shGo AdulAel AlABRFS o] &5l



REPY WXL 43% 68 19045 8
e Ao

a2l d 3]
t}. 49,12 FMFNN &go
FAZ ek ol & e A4

72 5.002 dch

FMFNN< o] &8 1]zt T% ulyo
37 o8 ol orEle] g Az E
Aol FAE FAs R g o] F
7 X2+YE = (500mm)’e 98

rpmo B Aol AT e dch
2% 62 EA A Avizel 29 HHol
. A wEe]l AR £aE Adgs do.
Hebd w7hee 742 FMFNNE A3 #al o
% Ao REE W 2ob shaglel U9l
A% we gAolE EAE 24T 4 ASE
0.4]—-— - —
0354 - —_—
Stan Pornt
0.34- - /0 /
0.254— - -
€ ool //
0.15 —~{i} / N
I
/ \ Singularity Occurs
0054 -
(O]
3 035 04 045 05 055 06 O0F5 07 075 08
2 {m)
38 7T (a)d454d Azeldg o]l &g Ao
o Az 23 A%
(1) x| 27} gle A%
(ii) 4 EA 7} 0.98F; oA 1.02 Fi 71#
Hebe A
(iii) 34 EA [ 7F 0.95F oA 1.05 F: 71A]
Hahe A%
Fig. 7 (a)Path following performances for the

controller using feature Jacobian ap-
proach;
(i) the case when the object is not corrupted by
noises
(ii)
randomly varying to 0.98F: thru 1.02F;

(iii) the case then the image feature valuesF: are

randomly varying to 0.95F; thru 1.05F;

X HAYE olEet AlZARE(])

the case then the image feature valuesF: are

% 4 ek,

2 72 FA At xolzih 9le o,
FMFNN o §¢ 9 7122 o4 £4 2
FZueke o] &3le Wl oF 28 Aolre
A% %3 Asolth aeld ww 44 =7
Azuloks 42 o 3kt WAL xo|ze| 7
¥L % 4 Aok olel@ = A¥L %o
FMFNN& o] £3 A]z7% ulwlo] H4zAo g
F4RE ¢ 4 Y3 e wel uie) o)z
of 7sta, 289 Al A gelA 24 Ay
of $4%% % 4 ek = ALY A7 F5
e AAZ BReE, dd 457 whzo
SF3t &2 A Al (retrieving) € w A Ako] 7}
ghel7) wikell Z]Ee] AlojFloAE 4A 7
2 49 Aol

04" —~‘~—vi

, |

0.35 |

0.3
0.25
€ o2
=
0.15

a.1
0.05

b 04 05 06 07 oa

Z (m}
a8 7 (b)FMFNN3F 27bub8- o] 83 A7) 9]
HAE FF AFE
(i) xo27h 9% 4%
(ii) 94 SAFR7F 098Fol4 1.02F 7= # st
s
(iii) dA SAF7F 0.95F o 4 1.05F: 747 #H &}
SR
Fig. 7 (b)Path following performances for the
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(iii)

controller using the FMFNN with the in-
terpolating network;
the case when the object is not corrupted by
noises
the case then the image feature values Fi
are randomly varying to 0.98F: thru 1.02F:
the case then the image feature values Fi
are randomly varying to 0.95F; thru 1.05F:
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