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Abstract

As a modeling method where the merits of fuzzy inference system and evolutionary computation are put together,
evolutionary fuzzy modeling performs global approximate optimization. The paper proposes fuzzy clustering as fuzzy
rule generation process which is one of the most important steps in evolutionary fuzzy modeling. With application of
fuzzy clustering into the experiment or simulation results, fuzzy rules which properly describe non-linear and complex
design problem can be obtained. The efficiency of evolutionary fuzzy modeling can be improved utilizing the
membership degrees of data to clusters from the results of fuzzy clustering. To ensure the validity of the proposed
method, the real design problem of an automotive inner trim is applied and the global approximation is achieved.
Evolutionary fuzzy modeling is performed for several cases which differ in the number of clusters and the criterion of
rule selection and their results are compared to prove that the proposed method can provide proper fuzzy rules for a
given system and reduce computation time while maintaining the errors of modeling as a satisfactory level.
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Fig. 1. Schematic of EFM
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Fig. 2. EFM using fuzzy clustering

FCMe ZAstz & Zxve FH@d 2828 F
Adl dE HeHE A&y AFE. ol A
2 ol&ste] HAFH AP FEzHA dF FE
oA A&ALER XTE dolewsd depvulE HZAHs
FAo| AMRE 5 Atk A&Fe AEvHd Y
o] A9 gl dolHEE % dAetviey HHE {A
A AeAPezn HAFH Fike] HHFL st
3, Aoz wEF B 0 FEL FAEHEA A
AHQ Aol AE FAaAE F ok HA A #
#g dolHg MH™se 2%AEe] 7)F(criterion of
rule aggregation, COR)& o 7IA2 dAso 714 &
2ol dete AIAHE FAY F Uy FEE &
£A2E AR} olzg HAFA My WEL O
g 3o ztErs] =4ttt

FCMe ZATax HErdoz 48 5 ge FHL
EFMe] 7] @34 w2 derielEe] HYE 4T
g FCMe Z#E #4384 AI4E & dve Holth
£3) mEnge] HYeE A3y gtz 4As) F
E=d, 71&9 EFMY A% AAEAY AAHA AIgE
#astd AA AFEes Pt 2o dEeE Y
F7F AARA7 4A G4 = e FEY BFdE o
qe 71ze wAol 48 AFSAAN, Axdol dha

233



g= HX ® xsAAHE =3 2002, Vol. 12, No. 3

Using data only in
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Fig. 3. Parameter optimization using FCM results
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7] sl FRAE RS 71+ (equivalent head injury
criterion, HIC)E #4383+ A-pillard] 9832715 AA
st Aolti9). EFMe dg¥ sy I¥ S5AXMA"E ¢
H4o|(Xy), 3 Hol(Xa), FA(Xz)o]h

a9 5. A-pillar 7+& 2 AAASE
Fig. 5. A-pillar trim structure and design variables
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th— t < 36m sec
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AlEHold  dolee APAEHS full factorial
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gted LS-DYNA3DE 433 Ad=zH4 A&Esgd Ag
Hol g 93 FRH A head form)2 218 63 ZoH10]

ZEA HAY {324 ANEHAY FE F WY
9 A-pillar WA 42 2474 29 739 28 8 &
Al gt ok,

a9 6 RN 2
Fig. 6. Head form model
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Fig. 8. Deformed shape of A-pillar after head impact

AlEdol g B3l F 42789 dlolElE AHEEY, o
B7ME FdHEHE AR FE 979 dHolH
AlgdelHz Abgste Rl FANS HETHA
FddlolE g AlgulolE = 2z ® 19 & 29 ¢
eideh. g uole el 29 e L B (mm)elth.

Rug

32 #au|m st EFMe A

Fel2E 9 F¢ HAATEY A
g 2y JProl g&84S
2L olF 7HA9 Ao W] EFME ¢33 dch +4
Age] F Aol Folag e Fo o8 AAHY 44
of AW BF 379 FdE AHA4E 2t A
Ao 5 FHAYE] Holo 120%2 AAHsH 1, Al

Fe AATY 49 150%2 dAs9 Y. CORE #HA
T FAHANA aF FdetulE e dA T oo
2 388 HXgang dAgsidr] 443 vjEoz del
B 23] g 2&5HZE ou§iy, o
FCMe AE dojzir,
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B # st mE tﬂOlEV} Fddtiiz ouleinz 7|&
o] EFM¥} 72 790l o] A$ oA+ Za AAA
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¥ 1. FHdolg
Table 1. Training design data
Data No. Xy Xo X3 HIC
1 15.0 15.0 0.85 8344
2 15.0 15.0 1.00 833.2
3 15.0 15.0 1.15 1060.6
4 15.0 20.0 0.85 867.1
5 15.0 20.0 1.15 931.8
6 15.0 25.0 0.85 911.4
7 15.0 25.0 1.00 860.4
8 13.0 25.0 1.15 956.8
9 20.0 15.0 0.85 911.8
10 20.0 15.0 1.15 961.2
11 20.0 20.0 1.00 870.3
12 20.0 25.0 0.85 1001.2
13 20.0 25.0 1.15 892.9
14 25.0 15.0 0.85 955.4
15 25.0 15.0 1.00 899.7
16 25.0 15.0 1.15 980.2
17 25.0 20.0 0.85 901.9
18 25.0 20.0 1.15 322.1
19 25.0 25.0 0.85 1164.2
20 25.0 25.0 1.00 1060.1
21 25.0 25.0 1.15 989.2
2 28.7 20.0 1.00 928.1
23 11.3 20.0 1.00 981.2
24 20.0 287 1.00 8381.3
25 20.0 11.3 1.00 1040.3
26 20.0 20.0 1.26 867.0
27 20.0 20.0 0.74 10405
28 12.5 176 0.85 892.2
29 125 17.6 1.00 964.6
30 15.0 176 0.85 924.1
31 15.0 176 0.93 855.1
32 15.0 17.6 1.00 864.9
33 175 17.6 0.93 857.4

I 2. AlgdolH
Table 2. Test design data

Data No. X1 Xz X3 HIC
1 15.0 20.0 1.0 813.2
2 20.0 15.0 1.0 836.3
3 20.0 20.0 0.9 9475
4 20.0 20.0 1.2 838.3
5 20.0 25.0 1.0 978.5
6 25.0 20.0 1.0 866.1
7 12.5 176 0.9 912.2
3 175 176 09 930.7
9 175 176 1.0 863.7

4. 2 3

EFMe] zgdabiel faduese #3848 &
8t7] 918 CASE 5ol disis 2z Mo Ags e
BHE2 FASAY. ol Y 99 EAEATH
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X 3 EFMQ’] /g_]ffﬂ : 1st Generation
Table 3. Specification for EFM -3 T V.g m“,
3 ]
# of string # of # of ] 1 - :
CASE clusters | length | population | generation COR % 82 ] ] I‘ :
1 6 144 170 250 0.00 % 0.4 | 11,
2 6 144 170 250 0.10 g 8{3 I h
3 6 144 170 250 0.15 0 '
4 8 192 230 345 0.00 0
5 8 192 230 345 0.10 1 4 7 10 13 16 19 22 25 28 31
6 8 192 230 345 0.15 Data No.
7 10 240 288 432 0.00 (a) first generation
8 10 240 288 432 0.10
9 10 240 288 432 0.15 ) Last Generation
09 r odafuzzmedw
<53 L
12 ~ e Q 07} '
zoet | 1 1t
B05 ¢ I H b } i
0.4 : * ;
gg'g- 11' ’II: : nI |
. 3 H t s . °
0.1 tre
N NN Lt
1 4 7 10 13 16 189 22 25 28 31
: Deta No.
0 (b) last generation
0 50 100 150 200 250 300
Generation 19 10. CASE 501419 E#dlolg 9 et vl
Fig. 10. Comparison of training data errors between
21 9. CASE 50 Wid EFM9] % 27 the first and the last generation in CASE 5
Fig. 9. Convergence of EFM in CASE 5 )
¥ 4. Agdlolg o] Azt
sxdne|ZdA FFee exAFe d¢ FHE Table 4. Generalization results of test design data
Asw o] B, L AYE FAE AL eAE T s
olmith 1d oA HAFPEY e HA AWE A No. {Vamwes| 1 | 2 | 3| a4 | 5|6 | 7] 8|09
NHA ARG FEo A5 FEH A& B F Atk 1 | 8132 |[#023 ] 8753] 9303 | 0065 | 8750 | 9278 | 8659 | 8776 | 9642
ol mdo] A3 ‘I‘EEE]%%% 2 U]fs‘}‘:}- R 2 | 8863 ||906.9 | 9293 | 9386 | 868.8 | 937.1 | 2062 | 883.2 | 8885 | 931.3
15 £3& ﬁl a7] A% o2 5 Weo#, CASE 5 3 | 9475 {9311 | 901.6 | 943.7 | 9008 | 945.0 | 966.8 | 904.7 | 827 | 9229
:]] ?ﬁ;ﬂtﬂﬁ ;]};]: 2]‘:]}1:1}] }‘jﬂviﬂ %:;ﬁfﬂ Aﬂ:;;é./] 1(_);“}‘_ 4 | 813 | 8808|9036 | 9155 | 8748 | 8855 | 8715 | 869.1 | 877.7 | 892.4
3] . Z A -
45 Zo]E08 e BAT & Qu oE T Zud 5 | 9785 | 903.1{1049.6/1021.9]1013.2| 8739 | 9244 | 9127 sfsl.s 869.9
o BgAe FEe = 9o 29 10@= A Add ¢ 6 86?.1 9004 | 877.7 | 9240 | 879.1 | 8837 | 9242 | 870.3 | 9232 84?7
A2 a9 10b)E P Ah e _g_i}a Sy 7 | 9122 | 9253|8602 | 934.1 | 8958 { 9042 | 9056 | 893.1 | 9214 | 9157
ore] ATES Ea EFMelA Szl Zo] Bgd 8 | 9307 | 906.4 | 8859 | 9437 | 8723 | 926.7 | 990.1 | 8639 | 865.7 | 90838
o solglomz ABdolQd AT = AFdolHz 4 o | 8687 [9155 | 8815 | 9262 | 8775 | 900.4 | 9060 | 869.1 | 8776 | 9788
29 9719 HolEE ol&3ld Rd BIAEE AT
stk AddolEo] W3 2dye] Adge F 4% ¥ 5 #B 22 € +3 A
Fida Table 5. Generalization performance in terms of
E 49 AAE ol &dte zZt A $ol hdte] AlFHH o averaged errors and elapse times
He 3 HAE 248 AAsAn, At igé ] A
# of Ave. R
37 $18tg Z+ Aol A F Y A7+ FAEY CASE Clusgers COR ve(;)x)‘r ors Elapse time
. zdEge 55 23 zjvei(Permum_ 2) g30A 1 6 0.00 444 1:41:58
FYEgon, F3 A AhERY] 2 el 2 6 0.10 5.08 0:49:19
th ¥ 5% ol#3 ARES A sty RAFET 3 6 0.15 572 0:35:05
A o.xte] WY 351004 6832 HH 4 8 0.00 409 4:21:42
COR°] 0024 71&¢ EFMel 8l33d+ CASE 49 F 5 8 0.10 4.10 1:30:45
© % 43 A7to] CORE 01022 #& CASE 59 H| 6 8 0.15 5.11 1:04:21
sl ojo AgE AL o & gl ulW % Ao o 7 10 0.00 351 142500
# AAE oRe A7 400% 41002 A9 FASA 8 01 010 1 o502 39507
9 10 0.15 6.88 2:35:35

Uebkdth ol B8 A¢d gyel HAATHY Fabn
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