T
oo ode Oles i
VFARILe L sl i 05

SRANISD 39T 9 49 (531 — was Andad TUw! i 8 39 5
S99y 039> S ¥ ) Cand 1519 gy yleo b (s0Y 990 jlw IS

Y Jsle g adge g T ik L g NG00, lde s

Ol lpal ot 51T ol&iSls Gl dly Ol o owikign 03,5 (6 S5 (g gmils =)
¢ Ol Slpal o ol 51T olKils lsal dmls Ol jos wikige 03, Soobsbkad 77

Q‘ j:" ‘J‘)A\ ng)t.w))} JAK\«LJ‘J JL@;— &JLo U.ZJJAT A 90 cdb»& ww bj; c)l;bt..q\_y'

siahpolo@acecr.ac.ir:*

VY 2o dy sl QTN 1l s s

ol

bl 5> Sl Olss (lad ol plralr o dile (wdige Lol Cals gl 2l Sl (sl 1S ok 1S 5 53 (IS (g S
SIS s el (slojle slael (~b (st S35 4 e DLS o ULl Gl e 53 S35l o 5 i ISk Lasl
f}u@sgm,wwéuwL;u,m)gj\a;w.ﬂnQNIWJ“;L.QL;a,;ﬁ'oéng\Lﬁjswiﬂ;,l,:daiwuﬂs&uu;,)
éuyujﬁﬁéﬂ%di;))u)%ﬁg@-'kbﬂa}cﬁ.ﬂmjbwm@w&ﬁwﬁdhgﬁi@.\)‘.@‘AJJM)QM
Loosls VYA 51 JSCie sy o3l SSL S Tl s g slate s ol Wl ol ol Gts oS s (sla 15 3 i 1 815 (Y58
Ll JuS s 5 I3 el 5o s edd (b s A dules AV a0 T 5 Ot e LS Yl Tr 500 Y & A g
-demu@f?)gwmvw«)\@%Jngé\ﬁ.xuw;wu@,ﬁwcbzgﬁa.\;,)&;ﬁéﬁjﬁwﬁi
oslizal (G50 (ghudd st 5 & 4 (ghuatws ol L;)b&k;»w.xcj): S By bl 3dae W gl ool sl eslanal adat (o5
YYOV ((galgidy Liadhpa Jo _zmewslzel (gl o das o byl S0 (i) o Sl (5550 2 R Ghaied 4S5l OLE s el 0
gfjaxﬁgoug@%dvu;;.ww)ﬁ;\yu@u;.mosu@um%wpéu&-ou%wﬁpww),z;w@yju\;

el oolgiiy Liad gn e 53 YU s s

Sl e, Sy oS S5 305 Sl sl e s sl (S — e oy e SIS U731

A4



UL 5 g0 e A

b gV sl IS (g pd K3 5,50 5 55 (556 - mas Anlas gl (s 3258

Koo 35 Cov 3V slaejle glos ) 5 Shas [6] o
S sles) Mo 3 Jole glagal el JS
A5 ) (TY0) £0LKan 5 B5SUL Ly jloy ams 6
(oS 4 Sn g sl 55 50 3 ool sy s ol 5 [7]
2 b eV ol Glagiens § a5 Gloi ) 5 Shes
ol ol s [B]ASS 555 ol

S G IS e ln et gn Jie G cellle s
Wb dde ol ol L sy 18T s len slaosb
Gy Sl anllas S old 5 OB oia St
Yo Cod il (93 Sas o £ 3 Le g1 S15 1Y
A3 ks Slaile ol b S S S S5 4l
5 Wsie e ool 6 2V (Db sl Jolis el a3 S
Sl 0¥ sk sl S5 sk 54 Ly db
Sl e 5 16 sl adlls 3 Jols glos S osls
Sl ol S8 18Ty B ezl e b sleio
Y e AR H IR L O NUC RGO PN - IS S SO
el Sibleys G b 4y oo OIDA. Wi Sl g )
4 kb STl 550 Jde 350 sl Jad e (glaesls 51 res i
oS Ol ealgig o 58 I SaS 4 350 A 55 (6l 58
Gladdow 4 5L o oile ISE e slasls 51 Js8 L6
e 31 Jool s oy o a5 a3yl s 4 1y el
@bj%)UEUTJ\@A&EJ@LﬂQ&)}ﬁ@McMﬁ
53 oslgdn Lals, sdly bme ol AST .ls dal =
wb g oS el b i e Ll Siales
5 B Sl speS s gl bl sl s
05l doo3le (glo3 ) S, S S35 5 3 o g
il U5 o o3 3 68 Ll iy o anlllas Lo
05 dners oS S5 A5 ol s baesle b s | s,
35S OB s 53 g st s il 1 il 5 Gree (S53 8S

Rt G 53,08 LU Osal i 245 sledasy 4 5]

u}ﬂjsﬁd’ubjudj)%w‘jjic@‘&ﬁ&)ﬁ

dordo—)
oSl el s S5 s A sl Sy o 4l
CalSobs 3l yasie IKaal Sl s oyl s u
Slama b a8l s 3 b 55,8 e L IS5 L
Fe S5 Sl e Gl s 5 gm0, o SISV 65
Sl e Sbaolantle oS sy cladl )y o g LT
O ess a5 als OLES (V440)1 OLKen 5 dla 1358 O gunes
Slop ) slasls (JuS Sz A5 b S s sl
YOLKes 5 Sl S (1] 58 hess o3l n 1 g5 LG
(oS K352, 58, 55 V5 phaxr B oL5IL (1447
S olid b el Gloy 4 s o3l a8 ol OLS
32T e e Sl (Sl sl s 6503 b ke
" g 5 a5 el e BT b
Bl a3y cilises Ol Kanss 4= 5 3550 50 T3l 4y
o A ) ool (3555 655 5 5 s Sy o dail
b Kok 5l patte (S50 e il ol ey b
oS Slsma L6 Sl it 5oL 8 e Lt IS
T e S 6l dide (Sl WlS e S e K2 WL
Sl e Slablezsla S Sny sladls o
Sl s L YY) O 5 ol S 555 g
e oy e b S S5 A5 s o3V e
Sl S5 w0k iy (5 g 145 ols QLS sl o Ve
A YoVY YA s s LSSl Je 5 S
Slos) S, (YV) Ohen 5 (oSl [4] das o il 3l
5 Soap oy Ss e 2l ¥ hlee B
i Gl gl o Lals OLE 5 e ge8 aeglia |y oS 51 55
Ll o8 a5 glas) 55 3 ad ey 5 45 50 Ol Glas
DL (Y18) OhlSKen 5 sulie pomen [5] cl Sl
Glaojle G652 Db s il e O ki S sl
Gaboer Sl SSos slads cou oV

Jmf)")_}: 6[.&4.‘)))\%.«\.&): oy LY S gl a.l.'vjjf;.ﬁ:

4 . Panagiota et al.
5 . Incremental Dynamic Analysis

1.Hall etal
2 . Krawinkler et al.
3 . Single Degree of Freedom (SDOF)



“‘QQ JL\A/_\ °.)L°"‘:/(""“‘":f 092

oot Ol s pwdige anh — ele de

Sy Luyae w053 S Y 5 X a5l S sl

M‘?(YJ\)U@‘JUJV‘&:MY f}fc.)u&bw\b

Dy
0=, (x) i=12,.,n )
0! =, (y) i=L2,.,n (Y)

Slajmrze (Bi s Ai 5108 3555 slaesls Y 5x 01 53 &S
Ll Bi 5 Ai Ly yoie 0 ; DR

e (ST= S1) el 3 53 (and) e p5s aY
ws S s s el Sose 4 s eld Slles (550
ANFIS ;3 g5 (KT 31 el b conl 3 0LLE 555
L ey (7)) alaly ) 5o 4

Ji=px +q,y +r,

i=12,..,n ™)

ot 534S Lied e melL 5 delydslasn OF 55 &S
ol by Y s Lsde G Bl al e
i=12,...n )
Sy abe ol Y 1 O & s oY

DA e Jbe S (0) alaly b g5 L3 Y 3 el aculowe

2N
i=1

(0)

LoS ma opl s .ol LSS A’NWL@"; oY

2 (O daly S 0 fl 0B s il Jbj 055 o
i=12,..,n V)
th’l.&»bli&)wn‘ql‘pljfijny}F¢W_lQT)JAS

sl bl Olse o Yl g s se s el )l Lol

Mﬁb&ﬁddﬁo@

S, 585 o me 53 Sbesle gl Ropt b3 ) 50 53 (Glazm

&k Sonlon Lalul . o 2ws 53 658 b s jo)

Sss lad I3 L 6 Sl S S glad 5 51 ol sl
mﬁ» Sl oo Jlsds 1y o5l s, JLLA Sl ‘J...,ST
2 e Gl diadia e S (B re e nl e 5 LB
ol (3l s ot 1 sk s sl Laily s 5L 5 e

.&LM«u\ovLivC.éjfoJ@.g

(Sl (SISl
Slr sl Gle 55 Cupae w5 5 OElS A B3 (e
03 S imed (Sl 8035 5 ol pds sl sdoms bl
amr Sale gs ol Slpds 5 5 S8y cuts 36 -
aaly 53k (S8 @ 0y o5 e S Al
laasls Lo g ol S sl 5 s & 5 s
Mg e SaS 5955 (9] ool oy Sy e
oA 5 8 slesls el e B, (6,850
dlo 5o b ol e 36 Gl [10] 550 esliad
[117 & &1 Jang laws 5 144Y

sl o] S S s Sugeno (gL R YANFIS
S ey LY slas Slsbne > Sl Lo 5 (639,55 Glaesls)
Soos o313 33 8 (V) UK 3 4 08 s sslimd (ol etely
[Tl eddesls QLSZ 5 5 5y 5X

[I11y 5x 3355 55 oslw ANFIS oS S sl N (K3

Layer 1 Layer 4

Layer 2 Layer 3
xy .
l Layer 5

R T
(e

Fig. 1. ANFIS architecture for two input data, x and y [11]

il ged Sl 350 o0 aralee L5 Gl e IS e

49

1. Adaptive Neuro Fuzzy Inference System



UL 5 g0, e L

g3 sl S (6 p 0 JS 5551 5 55 (550 — s s gl s 3,18

S, gl [14] Wledel oty (A) iy 51 eslizad L
el 0l oslisl IPB d&LQA )\ LAQ).MJ LS‘_)" 9 IPE d&LQA
sl osliel TUBE (gla Jd5 5 55 sduslee CLLEA sl s

NG

N3EILIAL O sl Y S

- e, O

< o O O
T
=
é
-G o o
- J(@Sm—15m ) :7
Fig. 2. Typical configuration of N3E1L1A1 frame
PR L W)
rr \ E

chie Opel 3 s 1okl Jgb [ sppe daly s
Kb st E 5 e V55 003 ol 25 F) sl
O Ol ge o gy 55 WO g e AL o s
T14] 555 o tolos () alasly & 50 45 45 ol 5 03551
o= n.d, L, @)
n,A,.h’.cos* 0

S balge sl 5 D st slus 5 5w hg 57 S

gl B el g 55 ol Olos Lo (pioman (Sl aid
© Lol bl 5y dles e a0 5 b
i eS 035ed el e dle &S sl sl el 5 5o
S8 s basles Jlaxt (2LS 51 G o5 anlis
o) @ Sl aw a5 sbaly s gl Loyl

Sl L s b g bose oVl b (o sz

2oY a9 SIS pled a4V 3 plawil
d‘j& “ Cjw U"\j ol @} VA L: (V) AJa_:b std‘
A d o A @ s P

- bt
i=l

i=12,..n )

0ol &b woi-Y
oilw s pé o 9 (Sl (b —1-F

3 5 Sl L da g oie Glal 4l Al ()
o 4 dlasl s b s .l i S IS e 0 dlas U b
357 i Jsb s S dml w36 S sy hads
o b e sl el 5 en e JE bl s
Lg)lz.)o-ajw«{.cm«\ﬂﬂfﬁ%hn sYour L ol
2w e e e SAS Y e lasV g 0o
mo3 ) Ll s 05 5ed 03550 1 (gl OB Lol ol 4 S s
s w Olale e D)k aas e sl JJ sl
lib sles lekd b 5 ko ) aglie 5 5L ol
Sl ol ods b S Ja s aib Yr 50 Y & ALY as
o baab aw OB ouull S N3EILTAT OB gla (4 sl
(V) S 0s sl s slslen 6 2Y 5 O e gy
S eslizad b LB alul ks 0les il e 3ls OLES
IS gl Olge w H 55 o 55 5 T=0.08H"" aka
[12] Gl 0l dnloes el
Ll s by wlsS s w4 Lgn glays Job
Sk, (LOM/V 5l xS sadsb sl L op oo
2.6Mp/Vy 3 i sadsh Sl s s g Sosse 4 Km0
Sl spbe sske Ses Sose a4 L 5 W,
03 e B K s B Ol 53 (nl e slad sk
Sla g db sl bdde w5 b [13] 5545 e a0 S
0l o3l amw i /00 5 /YO /Y L ol & cilan W
Jde ;o gdle 4y dol g 55 5o calse Jld; an odulal U

Ladusl (g ,8Y . lods o315 Javs S84 A gdulge s £V L

qY

1. Load and Resistance Factor Design (LRFD)



\Y‘Q‘\ JL\A/-\ a‘)La.\i/M 092

oo Ol s pwdige agh — ele de

[16] Ws o5 sledie ¥ K

EL2 EL2
. (% ) .

ELO

ELI g ELI

Fig. 3. Modelling of the link [16]

st U BT YA il s 4o esls SSL A 55 6l
IDA syl 531 I0T 51 st Sl o5 b b
S ay pamie OB G k) opl 3 ol 4 S O 50
LSS 5 W SF e S s cilloks oo L
Al 4 815 sl calloks LSt cos
3503 Shes mlawr b blte s QUG i s OIS
SNkl (53 ke slael L Ol s a8 S e L
ST LSS Slles 553 s «ylis [18] ASCE41-13
OF 31 e 5 4l aalsl SUanl 5,50 slasl & Jo 0ley b
&:jjf)b);é\ﬁ‘uglé)‘lf\.ﬁﬁL;\ﬂ.sj;z‘_;aq_“e):»
o S Sy mlae | Sl il sk
s sl el by e ;ﬁ“.ocla..ﬂ&gj\n\sg:m}\
o sl b bl 63 Shee sl e L 5 0
35 ASCE41-13 5,1kl 51 a5 8 0 dig s (et
el ol osls oles (V) Jgds
Je ol e s e eslizal 3Y 55 s
S fsnl GRS SAE S b B s 5K ke
Sl mmmen ol s Ozl steel02 Ol pe o
SR ase date 5l B 5 e shads lan S sl
L O el o) ol b o o eslizal vglazs; ablis
58 Dl polie Llgn U o g o ool B 5150 5 gl
okin ol 1 e e il b IS i
S8 s dlas cly Seske gl x e, shis

Sl olie cpl il bl Shpe osls Ll waid
Jsol bl 5l sline (il Olal slaws L ad s
oo sbs 5 bose dadiles b b glos A0
S SaN Ll b st b lasS 4 b b sy
2l s B coslie L Lasl ol copl ply [13] e
oz 5l gy 5 WDl 5550 Caslie b clae slas s
Gl btolee [I5] il s, p (555 S co
s Saaslie b blze gl oy ) slajl ol 5o cslis
alie Lsy 5l ool oy b pde b Lsy
el Loy lga

Gl SVl sl d Sl sl slaB s
Oan 5 sKess by @olgning Loy Sl eslizad b s
Jaze Ol o Sty Lse 0 Jde .ol ss e [16]
el sl 3ls OLE (F) S 55 &S cnl KuSS @ el
Pl et K 5 Lo s Jsb sl (ELO) Sle oLl
b S a0 ps Saall (st el B e S0l S 03
(EL2 5 ELD) Jsb 05 oldl 53 3ladde ol 55 353
5 Sl s b Sl e EL1 oWl 5yl 545
BL2 0Ll eman 2,5 oo B 50 1) Ly 8 SVl
sl s 5 plenl Cand s SaNE Glagal
S\ 3V Jiee o331 syl EL2 5 ELL bli .l o
T16] ol Shyss 5 JUisl GlaolSe i

Oles & badde &y e3ls L ol 5l G i 5 s
5 syt W e 6(0)*3(@)¥3(2)*3(=162
DBl e SaS w Sl aml Gl il ads aalsl
03505 skate b Comy 5550 glads (55, [17] OpenSEES
Gl S S35, 555 ¥ 5 olasls ) ge 63 Shes chw t
Slagaly et 3 3 g8 e 1SS sdig ey (5 b LU
el 16254%20=12960 w5 & =, 5o sl ;00T g

.MM‘}SWLAQTJJ}AJJMQM\)‘)JASM

2 . Fiber Section

ay

1 . Giuffre-Menegotto-Pinto



UL 5 5o, e L

b @Y osle IS g pd JSG 5,50 5 55 (656 - e Anlas g lnal (s 3558

slaesls 05 5 2 5l
s Sen &S ol pladie Lels bies oS slaal LG 2
C_A”LQ_; BE) Lok CP -Mas! L.'. 9 c)/,g.'» 4 o b cwl.:
ol a8 S 13 L e Jsd LB esls Olge 4 eal5 4011

O joxs olas «SSL 5 552 90 03l 40 YT 5 pliS sl

B L&L’ oals VY41, CM )‘

itk o e plrals Cond Wmar gl

sl ol C_,..Q‘Jf 9 wbm JDngx

oolawl 390 (SBSH5 y Dlasie Y-
ekl als b Ols Oloy a8 sl Ol Sy oladlas
03 ek edalle Jlde 4 Sl Ol ket G
VY eled ke ol [20] cdl sy s ciK
L(Y) doder callolis Yoo 80 o ol bae e
5,8 O3 Sk JeS Seop ey sla S

35 e 5

Sl w20l g yd ¥

Shaib Vol Joe o olosT s Hsbe a5 adllas ool 53
odd ol g 5 A5 [15] OKen 5 Ll s aslllas
() IS 5wl alie Solas sk SB ol K ol
e S badlas Job 5 olib gl ol 0ls il
Olge L o 8 b 5 b o .ol oARSIEAL2
YN Qe 4 @ s b ) e s 4w S J b
Rl Sl o OBl 5 sk IS s ol sl /0
5 e ot IS sl edulel sdel s 4
S S peslas gl [23-21] el sy 0 Gl s
SVL Sslie (gl ph e Ksw s Lk, d.6M/V,
Lok, b polie gl s e ki, 2.6Mp/V,
el [24] s5d e sk ies— L S O)se
il ssle 05t 4 5 Il 5 slas 4w lls Lol
S oS N 5 Y G ek s es s 03 1S
Prae Vgl okt sl L STV OUL Glos Jp
S0Ksi 0as ool L L A992 ikl &S b (sl
sl ol 4 S L2 s

a¢

[18]1CP ;LS IO s> Sas C)la..c Slp OBaayi palie N J gl

Performance Level 10 LS CP

vi 0.005 0.11 0.14

Table 1. Target y; based on 10, LS, CP level[18]

O il 5 Vi S oo A 2 4sls G iy (B0 )
(o) adaly 1A STy ghosles Glacb a4 b aid o
18] ol trlons L5
orlde S 53 i Mgy Dl sl E IS

Choosing an Earthquake |
accelerometer

(for establishing elastic responds)

( Selecting low band of SF
SFp=0.1

Selecting high band of SF
(for cstablishing in-clastic responds)
SFy=8.0

> SFyu=0.5(SFy+SFy)
.Appl} ing Nonlincar Time History Mnly.ls
using target performance level

@m

SFI ne“'=SF 1
S Fln ew =S F.m

SFinew=SFm [(no |
SFonew=5F;
f
yes
no k
Fig. 4. Flowchart of the change in scale factor
Ai :}/i.e.h ()
L

ik fl g 5 sk oS L sh e (1) dal; o
Tobe il 4 b ilide ool dojles sk
Db e o g Sl eslital b calise (6 Sas
e Kl el clks ol v s gl
Sope (1) & ool pasie (o3 Shes



\Y‘Q‘\ JL\A/-\ a)l.a.\i/M 092

oo Ol s pwdige agh — ele de

3B B8 s ekas u.al_,f sddosly Aol glals ses

1570 5 25 il ol (slaoldl ablis X Jguor

D Middle  Side
Braces Link beams column Colou
bea /L
s mns
ms
3(14x3 3(14x3
5(6x1/2)+6 14x1 2(14x53)+3( 1)+ 8)+ 01
x1/4 09 14x48) 3(14x1 3(14x3 ’
32) 8)
3(14x3 3(14x3
3(6x1/2)+3(  14x1 4(14%68)+2( 11) 8)+ 03
6x1/4) 09 14x48) +3(14x  3(14x3 .
132) 0)
3(14x4  3(14x3
4(6x1/2)+2(  14x1 2(14x132)+ 26)+ 8)+ 05
6x1/4) 09 4(14x68) 3(14x1 3(14x3 :
76) 0)

Table 3. Sections of the 6St-EBFs in Fakhroddini et al. [15]
[15] 0L an 5 ol o anllas b Jie Lol s .0 K2

Peak Floor Displacement - 6 Stories frame
Median Value, LS Performance Level

6 »
5
4
£
12} 3 ~—o— ¢=(.1L, Fakhroddini et al
e=0.1L, Present study
2 —&— ¢=0.3L, Fakhroddini et al.
/ e=0.3L, Present study
1 4 ~—#— ¢=0.5L, Fakhroddini et al.
— & ¢=0.5L, Present study
0

0 2 4 6 8 10 12 14
Maximum Displacement (in)

Fig. 5. Model validation with Fakhroddini et al. [15]

ee- S Nedgd  iuaw I oslatwl-¢
A :.SAJM.”f“)a “:MI“
(Vs S lisles slaesle sl sl ) slols

Z@‘(\Y}\\)lﬂ.}b)d)})@

R=1+p1.(/,lR —1)p2f(l’ls,ﬂ,,a,Tp) \Y)
FROTRCPINML T Y Nt

P (Y
45 OJ).: g_JL; L;wM A:JL,DL«;J ns’//i’a’Tp UT DL 45

(V) JS il ol S s (K3 R s

q0

Gl LU gl oS Koy 3y Ve clasie Y Jgde

o 55y
g
Recor  Earthqua Station PGA® Mw R
d ke r Name ® b (km
No. Name 2 )
EC
Imperial 197 0.17972
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Imperial 197 El Centro 0.46239
2 Valley-06 9 Array #7 4 653 0.56
Imperial 197 El Centro 0.46796
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Imperial 197 R . 041722
4 Valley-06 9 Differential 9 6.53 5.09
Array
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Table 2. Characteristics of near-fault earthquakes used in the
study
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FIS type
Property Subtrac.ting FCM
clustering
No. of nodes 149 79
No. of linear parameters 70 35
No. of nonlinear parameters 120 60
No. of parameters 190 95
No. of training data pairs 6769 6769
No. of test data pairs 2257 2257
No. of fuzzy rules 10 5

Table 4. Properties of different FIS types
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3 . Fuzzy Inference System (FIS)
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1. Subtracting clustering
2 . Fuzzy C-Mean clustering (FCM)
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Abstract

The need to solve the complex, nonlinear, and variable problems grows with time. Conventional mathematical
models perform linear and constant analysis effectively. Although techniques that work on a particular model,
capable of analyzing complex nonlinear and time-varying problems, however, they also face some limitations.
Combining these with other issues such as decision making, etc., has inspired the development of intelligent
techniques such as fuzzy logic, neural networks, genetic algorithms, and expert systems. Intelligent systems
mainly employ a combination of these techniques to solve very complex problems. Although both fuzzy logic
and artificial neural networks have been very successful in solving time-varying nonlinear problems, each has
its own limitations which reduces their use in solve of many of these problems. The roof global ductility, is a
comprehensive reflection of various engineering demand parameters (EDP), such as story-drift, plastic rotation
at member ends, roof displacement, etc. Careful estimation of this parameter will certainly lead to greater
accuracy in the design of structural members. One of the methods which establish a good estimate of the
nonlinear seismic response is the using of EDP parameters and measuring the seismic intensity index. The
main purpose of this paper is to establish an accurate intelligent model related to the geometrical characteristics
of the structure, performance level, the behavior factor and global ductility in eccentrically steel frames, under
earthquakes near-fault. For this purpose, genetic algorithm is used. Initially a wide database consisting of
12960 data with 3-, 6-, 9-, 12-, 15- and 20- stories, 3 column stiffness types, and 3 brace slenderness types
were designed, and analyzed under 20 pulse-type near-fault earthquakes for 4 different performance levels. To
generate the proposed model, 6769 training data were used in the form of adaptive-neural fuzzy inference
system(ANFIS). Subtractive clustering and FCM methods have been used to generate the purposed model.
The results showed that Subtractive clustering provides more accurate results than the other FIS. To validate
the proposed model, 2257 test data were used to calculate the mean squared error of the model. The proposed
model is an intelligent model in the range of data used, and can be used to estimate the global roof ductility of
EBFs. To evaluate the efficiency and performance of the model, correlation coefficient and common error
calculation criteria including RMSE and MARE were used. The correlation coefficient for the Subtractive
clustering method was 0.888, based on intelligent model in the test data. In the other hand, the developed
intelligent model can be used as a precise alternative to prediction of (uz) for EBFs under near-earthquakes.
To evaluate the model’s efficiently and accuracy, various error criteria including Error, Mean Error, RMSE,
MARE% and R were used between model values and real values, in the test data. From the results of this
study, it can be pointed out that, the developed intelligent model can be used as an accurate substitute method
to predict the (uz) for EBF structures, under near-fault earthquakes. The results of correlation analysis of the
proposed model show that the proposed intelligent model has high accuracy.

Keywords: Intelligent model, Adaptive-neural fuzzy inference system, Eccentric braced frame, Pulse-type

near-fault earthquake
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