Journal of System Simulation

Volume 30 | Issue 8 Article 16
1-8-2019

Adaptive Feedback Elitist Teaching-Learning-Based Optimization
Algorithm

Rongyu Li
College of Computer Science and Technology, Nanjing Tech University, Nanjing 211816, China;

Liang Dong
College of Computer Science and Technology, Nanjing Tech University, Nanjing 211816, China;

Guihong Qi
College of Computer Science and Technology, Nanjing Tech University, Nanjing 211816, China;

Follow this and additional works at: https://dc-china-simulation.researchcommons.org/journal

b Part of the Artificial Intelligence and Robotics Commons, Computer Engineering Commons, Numerical
Analysis and Scientific Computing Commons, Operations Research, Systems Engineering and Industrial
Engineering Commons, and the Systems Science Commons

This Paper is brought to you for free and open access by Journal of System Simulation. It has been accepted for
inclusion in Journal of System Simulation by an authorized editor of Journal of System Simulation.


https://dc-china-simulation.researchcommons.org/journal
https://dc-china-simulation.researchcommons.org/journal/vol30
https://dc-china-simulation.researchcommons.org/journal/vol30/iss8
https://dc-china-simulation.researchcommons.org/journal/vol30/iss8/16
https://dc-china-simulation.researchcommons.org/journal?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/143?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/258?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/1435?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss8%2F16&utm_medium=PDF&utm_campaign=PDFCoverPages

Adaptive Feedback Elitist Teaching-Learning-Based Optimization Algorithm

Abstract

Abstract: Elitist teaching-learning-based optimization (ETLBO) is a novel optimization algorithm based on
the practical teaching-learning process of the class. An adaptive feedback elitist teaching-learning-based
optimization (AFETLBO) algorithm is proposed to solve the problem of low precision and poor stability of
the ETLBO. At the end of the learner phase, student can be divided into the top students and the inferior
students dynamically by adding the adaptive feedback phase. In this phase, the inferior students should
communicate with the teacher and enable themselves to be close to the teacher quickly so as to
strengthen the convergence ability. The top students should study by themselves to local search carefully.
The adaptive feedback phase can increase the learning style and ensure the diversity of students so as to
improve the algorithm’s global search ability. Six unconstrained and five constrained classic tests show
that the AFETLBO algorithm has a higher ability of optimization precision and convergence than other
algorithms.
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Abstract: Elitist teaching-learning-based optimization (ETLBO) is a novel optimization algorithm based
on the practical teaching-learning process of the class. An adaptive feedback elitist
teaching-learning-based optimization (AFETLBO) algorithm is proposed to solve the problem of low
precision and poor stability of the ETLBO. At the end of the learner phase, student can be divided into the
top students and the inferior students dynamically by adding the adaptive feedback phase. In this phase,
the inferior students should communicate with the teacher and enable themselves to be close to the
teacher quickly so as to strengthen the convergence ability. The top students should study by themselves to
local search carefully. The adaptive feedback phase can increase the learning style and ensure the
diversity of students so as to improve the algorithm’s global search ability. Six unconstrained and five
constrained classic tests show that the AFETLBO algorithm has a higher ability of optimization precision
and convergence than other algorithms.

Keywords: ETLBO; adaptive feedback; evolutionary algorithm; function optimization

B|= WME S SE SR SEBURP RS . A, B R

PR, 9% 505 (Genetic algorithm, GA)M

PEH LR, S RPAS AL WL 0 BEAAR S REA AL STk
ARG, I OAE AU Bz TR,

Wik H A 2017-01-06 &alH #: 2017-03-07: N ‘ i _ .

HEATH : VT3040 R [ A2 4 4 (12KIB510007); ¥ % A 4k 5 ¥k (Teaching-learning-based

fisti: BRRQOTT, 5, WA, WL B Optimization, TLBO)J: Rao 45T AU £

WEFCHT 1) A s b4l WLassi ), Biiitib; Bk . o [ . X

- (1991), B, R, WL, W07 LS, TERE UL M 22 AR 1 2 20 5 = B HE 0 — B i ) A A4

it .

http: // www.china-simulation.com
© 2950 ¢

Published by Journal of System Simulation, 2018



Journal of System Simulation, Vol. 30 [2018], Iss. 8, Art. 16

5 30 2 8 1
2018 4 8

BREIUASTIE ARSI I R BB BRI 22 R B BOMy
oy, AEZURBY B, BT I 202705 2 ok 3 i A
PRI E 55 SEIRAEAFIRE IR SO0 s 75 E
BB, 2R ai o — e LA B2 5, DARRERR R
I RErE, R, ZEEAS D, H
VLSRR DB SRR RE im0, SRk
I T AU R, AR 58 A P i A £
A, Bt S KPR BL LN RLAF (KSR AR AL
Ko SR, TLBO SFLEAERA;E e 2t o) U, AEAE
LRSS RS BRI IS . O T g ik i)
1, Rao SO — Rl LR A, FURS
FEARG PR DT 1), OSSR e
IR WS, SR R IR SR R SR ARG B 3L
. Rajasekhar 25— iR L2 AL 5T
V5, AR S T M 2 AR A R0 L1 59
s ARSI JE RSB I R FF RO I 2 e T
AR ETLBO (LRI L, VR IN T R b2 ST hL
i, T8 I B2 SR 22 1) A AR AT, A A
GRZE N F R R RS D o A 1R AL
Jee ML E 0 P 44 2 A, T8k LU A 79 3 138 0
B, & PR ZE I 2 AR BN AT A I o Xk
PR FE A (N T VR R R ME, L SR L J ) 7 44
SE G HERARA T, 2 I 2 A b 0T T (1 2 R
ARARK, WA TR A s B L
PRI 44 27 R I G LR 22, JLrh A i 2% 2k
HIBAT 5 BUTHEAT SBATI o

BEXE BRI R, ASCAE ETLBO %R |,
& PR T 3 Y ST PR R S B A
#:(Adaptive Feedback ETLBO, AFETLBO). %
VORI T BB B E NS, AR TR
s 25 (B (190385 I8 158~ 8148 ) s BT A 2 7 43 AR 4%
ARGy, R s aias in-— AN /AL
[ 3 I AR AR A 5 2 AR R R, 43 %o 1 3R
AR R ATT i, W T 223752, OREE TR
ZRENE, $Em T 2R R AR 6 N EZR
BRI B NN R B TINR, 45K, 5 HAD
PALSLIEA L, AFETLBO Sk BA I (1) F-U0KS

IR, S IR A IENY AR RORS S ST ik

\Vol. 30 No. 8
Aug., 2018

JE RSP BE
1 RERFEFEMAFETE
1.1 ERFBEEMAHEE

HEA SR PG 0 — PR Bl
R3S AN PRI i, HOE L i s R AR T
ANPEI- 35 SCBUREAPERE ) LA o [
R 2 TR AN AT R A 3 SRR W e, 9 —20
e S BB MRS D e, KRN
(RIBORI 27 O A SR AR 1) AL PR B A%, TLBO
SRR VAL R BR AR OE AR D 4EA A
R — MR RE . Bl /M [ min £ (x) A ATFEsE
1, JLrf, TLBO Sk SuAe ik 1n] N BEHL BTG 1L
PN, AU, TR AN
Beo SERMRETII . BORIEARBEE R E 2 A,
BRI NIBACIE R o 125505 T2 00 BU Y B2
BB
1.1.1 BRI B

AW BOR AU E I B i RE  JE SR
R AN Ay 220, 2T K5 A2 A
SRR H SR, AR R MR AR Ko A
RIS, PERALECh n, PN M, #
I Ti, UM T JSEALAFI(E M 5L A Sk
s BRRABTR I Moew BEE T H7FIMES
BFEIEZ i A @)% .

Difference _Mean, = (M., —T: M;) (1)

Forb, ri b 0~1 Z R BEHLEL, T 31,
EHGE TSR R, TR A X (Q)#E

T; =round[1+rand(0,1)] (2)
FOMBY BRI 23 30 (3) A0S 24 B A 2E 4T S8
Xnew,i = Xoiqi + Difference _ Mean, (3)

IR Xy T X+ WHEZ Xy » T
1.1.2 AR B

AR O ) RGO S LN PR T
e RSN ECF AT 2] Rl
A AT AR AT AR e DA RUKAP . 2

http: // www.china-simulation.com

* 2051 «

https://dc-china-simulation.researchcommons.org/journal/vol30/iss8/16
DOI: 10.16182/j.issn1004731x.joss.201808016



Li et al.: Adaptive Feedback Elitist Teaching-Learning-Based Optimization Al

o 30 4555 8 ]
2018 4 8 JJ

A B B A 7 AR A L7 T IR R o B T AR T )
Pl ik e/ ME TR R, 5 x S EHARR, f() N
oAk il (T HARRR G W27 AR B B AR R G T
BN Bez i, BEALEI AR 22 A x A,
b1 5 VI = A 5/ S VAN I = B TN SR O (S <3
f(x)< f(x,), WEREAE 5 T4 % B4
Xnew I1) Xi ZEXTs [RZ, A xn LT Xio ) Xnew
) xp HELT,  FAAH SR A = (4)~(5) s

f () < (),
Xnew,i = Xold,i +and; (% —X;)

f(x,) < f(x),
X = Xoig; + rand; (x, — ;)

(4)

(5)

TR B G, HBHTAR Xnew 5 A HTAE Xoid
(IR LA, 45 F (Xop) < F (Xoig) » W32 Xnewo
TG 5
1.2 FEREBA AL

KL TLBO MERE L3I T
K oeseng, PR BT B AAE, BAEEARR)
o, RS AR 22, IR IRIEAR AT
BE LN R e AN AR EA T A2 e ML AN o3k = 52 HH B A A
A, AT DUAE AR AN R AT LUAE AR S 915 LR
B, IREFRIEER 2

2 BEMNRERERBEAIACE
21 HEN4A

CERESHCE AL EEr , 22 Aok ST
22 DI 5 HA 2 AT KR AT, 2 39 77 2K U
B, KSCEE ETLBO SERUAER |, #H T
SET 8 B LIRS SR AR L0 . %
R e B B R, A R
xi (A, WERIEA £ (%), FF5 B S HEGI0 T
SRR fypean LU, FFHELR2E A 5 I RS R 224
SRR 2 12 P 2 B A 3 10 5 B0 AT
RS, 2o RN KT, e 1 0
oo W SRR IR, AT ST LI
SRR B, SR 32 7 2 (R T

E R
Journal of System Simulation

Vol. 30 No. 8
Aug., 2018

27, 78 B I R R, 3 B 5 027 2 ks
I, 72 QAR R, S LR T A
B N TARBUXFHEIEBE s, AT T SCHR[L3]
P /M AR e i o IRAh, 7R RSB, b
FEAENEAS, BT HVE R, USRI L HDok
R, 2 3 I U DA A 2 A R ) dl
ANBE LU A8 P 2 e A D AR A 5 2 A (A
BIbSHE, DRSS PSRN HIEN R A
ARG IRACREAG, AR5 R A R Rl 154
BRI sh A 2 . %R EBEE W22 5((6)
o

i

A=—"D (6)
e —1+1

e 1 FORGANEAIREL e R KIEIK
o WIPLAEAE S 2= A PIBRAE R A fyean o

WLk, N OB AR AT DL -
e PR B G, AR X I0E N A
f(x) » JF 5 A 50 b #E Afye BB, W R
F(X)> A fpean » WA ZEA, AT HBUNZ 7] 122
ws s, @) s ANOIEAEE, BT B3k
PRI R, ISR AR A, nX((8)~(9)
7R o

f (%) > A fpean 2

Xnew,i = Xotd,i + Fand; (Xeacher — Xi) (7

f(x)<Af

rand > M,

Mean 1

i U L (8)
Xnewi = Xoig,i T Fand - (——(x~ —x-))
f(X) <2 fyean » "
rand <M, 9)
Xoew,i = X~ +rand - (x” —x")
efre M, WBEHLE SR, AR 0.055 XY i
(1RSI SY ol TN A PO LB w6 @
imax A R KIEACIEL
15 BTG R BTBEZ 5 BT Xnew 55 21T
Pt Xota PRI A FEAEL s R Xnew DB Xotar WIFESZ Xnewo
inby =Py rEAUIRE D Iy | = e e
2053, PRIE TR 2 RENE, R T HE AR

http: // www.china-simulation.com

Published by Journal of System Simulation, 2018

* 2052 «



Journal of System Simulation, Vol. 30 [2018], Iss. 8, Art. 16

5 30 2 8 1
2018 4 8

REES o (R BI B, T A3 N R e 45 Ak 5 2
AR HDNRRE, SRS 240 PR 43, A4S 22
A R o) 4 T SR AN RO SE T, 48 230 sl
AR B A AR T, B s SO B s RS AR ST B
o), JERAE BB N, RIS T
i, Ay DME A AL S AT RAR A8 &R, A
TR AR BTE RE T, A I — AN MR AR e
PE, G5 ) e fif s (e i) SRR R TIRE, W LAY
S SVEBE R I SRR R RE T, A RUB E EE A R
JE AN R, A R R e

AR S SCHR 120 B 48 1 SRS e A A s
B AR, — =R A B bR e, FETLBO
JERANIIE W 4 27 2E , AR s 22 i 2 AR S HuiT
AT SUBATUR » T AR S AR 27 A PR . 88 ) - 1)
RN 25 L oy AR A R 22 AW 48, o0 AT A
AR S st XM AR HE A SE B B AR, B
Ags I | 55 b B ad (1 i s — S A SCHE S istid
PR A BT B RELEL, o] AR AR K
K, AR S AR, B T HR G,
K532 HEERAE AL BN R L, SS9 0P 4528 1)
e, X R B I&E AL BERFA SRR TR 5

LT B N R RDRG 08 BUFE AR A 1Y)
ARG, HLRAEME 1R,

Stepl: & XU, VIS H, WE
PR N BEH B AR

Step2: WIAHACIIHE, AR PERNELL K ELH
Kk BE L AR TR

Step3: PEUTFIHE, IOk B DEAR

Stepd: M B, AR A X (3) AT HBIMB B
Horid e, R

Step5: “FAMTEL, ARHE A 1L (4)~(5) AT R
Z AR ARSI, B i St s

Step6: S BL, REAEAR HIER A AR AR
Ze, MR @)X AT 5 BN 18] R AZ i
Tots AR A Z(8)~(9) R AE AT B B ST I R A5t

Step7: AHICARIIREL Z/R,  FEBEHLKE S AR
BEATAR S 5

Step8: IR 3~7, HIN L& IELM.

IR, S IR A IENY AR RORS S ST ik

\Vol. 30 No. 8
Aug., 2018

[FIBERIAR A, I B e abifi |
VA HIAE R BY
R G S

T ARG T B
B, IR E

MR 22 () FI(S), BRI
AR, T HET
7= A EAT MR I 5

(% 8

F2E R B oy Ry 2E AR A
A, 3 AR A (7).
(8)FA(9) A7 fifk (1) BB

E1 AFETLBO HiLuifiE
Fig. 1 Flow chart of AFETLBO algorithm

2.2 HiERZE NN

i AR AT %0, AFETLBO 5L A T2
A ) BRI I AL, AL A 384 0 05 (R B )
RPE . BRI ECY f(x), R fOMEIES
A=1E O(f(x))=c AR E K i, B ANE A n, BT
IEARUEAE I Rt P o B4, WAL 4E) ETLBO
FL R O(n*c), 1 ek AFETLBO $3:7E
NG BN Sl P B S5 1K (TR NN AV R I |
AFETLBO AR M58 A O(n*c). HAR
AFETLBO SEIF A4 m Sk A 52 20 %, H
AFETLBO VA7 /N B IEAR IR B N fig 6 315
AR, oV HEA I R 2 A T ETLBO SHIE

http: // www.china-simulation.com

* 2053 «

https://dc-china-simulation.researchcommons.org/journal/vol30/iss8/16
DOI: 10.16182/j.issn1004731x.joss.201808016



Li et al.: Adaptive Feedback Elitist Teaching-Learning-Based Optimization Al

o 30 4555 8 ]
2018 4 8 JJ

3 BUEMTE KT

3.1 AR E AT B Lo #r

T Bk AFETLBO kA 2, 76 6 4~
I TCLY A o 5 AT IR, K ek i Sl 5k 1
Fion. 1 FEIRAE N Windows? #E:1E R4, Wl E
i5-6500 CPU, 143 3.2GHz, M 1% 8GB, {jjEL¥tt
i MATLAB2014a. ¥ AFETLBO 535 (R il 45 R
HIA S, A TLBO ik, ETLBO
HLL & FETLBO BEMH T . wE LiREIE
PHEARIRET) 1 000 K, FREFECH 10, 20 %I7E
30 4EHT 100 4EMEOL R, THE SN EIEREE
EibruEZE, FEMOTIZAT 30 W, 5B AR 45 B
% 2 ik, i ETLBO Ml FETLBO $VALE f1~fs
AR EAR B SCHER[12]

TR 2 FRARIEEE, Gie @ 7efkdE 30 4,
A YE 100 4, AFETLBO Sy 118 by
HEZESBO T HAD ST . Horb £ 0 fs 2 SR pR 4, T8
i FH 2% R SO R R SR ARG FE IR RE D), AR
TLBO &k T2 2 U7 sl i —, K B
G, PEREAE, AT AFETLBO Sikiaid
NN O AT I B it A4S 2 A BRI i) 20
o, IR R SR, iR R R R
MAEA AT B A= ), AT JRTR A R . Xk
ST A JRAR R AR A R, B T SR AR
FCSIE RE o 55256 &5 SR AL 2 BH 7 b P P05 Ry B )
b Sl AR BOR B . 1 fy |, ETLBO,
FETLBO. AFETLBO —AMHyEIRILH AR ML 5+
Mg, AERE T RINE, 4EE 4L,
AFETLBO 3% 3 B 5 A8 BT 75 1B AR IR B
Mo it AMNEAAEE MR R, AEAE KRR
WRAE, o SR T AR 6N, fo BRI i Bk
PERGH, RO BNRTERAR, XU R LR
MELRAR IR, iR 2 5% E b SR R REAE %
RN B R AL 2 TLLEH,
AFETLBO 532 TG 16 7 i (1)~ S {EE A2 A v 22 4
Mo F-ILAdO0 BE SV, 2RI T 48 i R SR AR 5 R AR
SEVERE. X2 AFETLBO S0E5 I T HiE ML

E R
Journal of System Simulation

Vol. 30 No. 8
Aug., 2018

i, B L RIEAREL, S TR E S %
AR, AR ARSI, BGOSR ) LA,
TN SRR AL 2R, RIS N T /MR AR S A,
BT FIEBE R AR AE I RE ) -

T N DL IR A SR W S RE ), 4
IR EEAT £~y DY R E 30 4R st 2k, WL
Bl 1~4. 0 T X HOEEI I IS AR, K 3 A AH
EA f1~f4 PUAN BB, FERKAK 1000 I BT AE R
INfIH] . 1€ 3 I UL, AT AFETLBO Skfiik
£ 1000 VIR R DS i - A 50y, (HEs &
1~4 RS Ze Xt Lb T LA H, AFETLBO ik
WSt 22 518, ST I ARIRE R /b, ak
SIS T R IS Tt 5 D, R 0 F i S 2 e
PEfE AT, AR e ik T RS AR I 20 . A
f BRECH], AFETLBO HikikfX 1 000 (R FTFERT
]2 8.207 2's, I3 IGEARIN ) 4 0.008 25,
g T HARSLVE, (H AFETLBO &4 %] 600
RNk )4 JR e, Py SEBS I ) 4.92s, 1t
A} LU SIRAEIRAR 1 000 YRR A TA B4 R A
fig, FITRERS T RI C 8 AFETLBO Sk 1) 4 Ja B
PLPTFERF ] Hr b nl WL, ek AFETLBO 892 i
SRR T — B TS, (FRSE iy B IR I i) B2 O
JE, HIT LS s SIOH B, HAT S R R SR AR RS T

1 LB ER
Tab. 1 Table of unconstrained benchmark functions
i ARTIE miE

Lo = Z X [-100,100] 0
f,(x) =—-20exp(-0.2 ix?f) _
- [3232] 0O

. 27X
ex cos—)+20+e
p(; =)
l n n X
f.()=—— ) x*— cos(=-)+1
3(X) 4000;. H (i)+ [-600,600] O
n-1
f,00= Y [00(x,, - X +(1-%)'] [1010] 0
i=1

L= (Y Ky

i=1 =

[-100,100] 0

n

600= Y+ Tiwl

i=1

[-10,10] 0

http: // www.china-simulation.com

Published by Journal of System Simulation, 2018

* 2954 «



Journal of System Simulation, Vol. 30 [2018], Iss. 8, Art. 16

55 30 %5 8 Vol. 30 No. 8
2018 4 8 J1 AR, A TN U O S A Aug., 2018
K2 TEAHIR R HO L &5 BT E (bl %)
Tab. 2 Comparison of results for unconstrained benchmark functions mean (std)
R 4 TLBO ETLBO FETLBO AFETLBO
. 30 9.86E-13(7.36E-15) 3.97E-165(2.54E-164)  3.43E-231(3.21E-231)  0.00E+000(0.0E+000)
' 100 2.31E-10(9.43E-12) 1.50E-163(2.26E-163) 2.61E-230(1.12E-230) 0.00E+000(0.0E+000)
. 30 6.62E-07(2.35E-08) 6.21E-015(1.87E-015) 4.44E-015(0.0E+00) 1.01E-017(4.23E-016)
2 100 9.26E-08(1.01E-07) 6.21E-015(1.99E-014) 4.44E-015(0.0E+00) 1.52E-017(1.68E-017)
; 30 1.52E-16(5.76E-15) 0.0E+000(0.0E+000) 0.0E+000(0.0E+000) 0.0E+000(0.0E+000)
: 100 3.64E-12(4.36E-12) 0.0E+000(0.0E+000) 0.0E+000(0.0E+000) 0.0E+000(0.0E+000)
‘ 30 5.87E+01(1.68E+1) 2.67E+001(2.26E-01) 2.57E+001(1.23E-01) 1.05E+000(6.32E-001)
! 100 7.35E+00(1.98E+0) 2.67E+001(3.31E-01) 2.60E+001(2.16E-01) 5.16E+000(1.3E+000)
‘ 30 4.67E-25(5.12E-24) 0.0E+000(0.0E-000) 0.0E+000(0.0E-000) 0.0E+000(0.0E-000)
® 100 8.63E-23(1.93E-24) 0.0E+000(0.0E-000) 0.0E+000(0.0E-000) 0.0E+000(0.0E-000)
; 30 7.27E-07(6.61E-08) 1.26E-083(1.76E-083) 4.16E-116(1.07E-115) 1.09E-139(1.01E-139)
® 100 8.91E-07(1.99E-7) 2.73E-083(3.96E-083)  4.49E-115(8.74E-115)  2.71E-138(1.56E-137)
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Tab. 3 Time of unconstrained benchmark functions iterate
1 000 times /s
BREL TLBO ETLBO FETLBO AFETLBO
f; 4.648 8 4.895 4 7.912 8 8.2072
f, 7.160 4 7.3215 10.102 1 11.920 3
fa 8.2057 8.510 2 12,9835 14.823 1
fs 10.1054 109781 16.435 2 17.3412

3.2 LRI R B B R
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Tab. 4 Comparison of results for constrained functions
mean (std)
RB(S ) Hik B CFIHME heE
. ETLBO -30665.54 3066554 0
! FETLBO -30665.54 —30 66554 0
(=30 665.54)
AFETLBO —30 665.54 —30 665.54 0
. ETLBO 7218.258 7370191 125
8 FETLBO 7136.891 7288.161 79.56
(7 049.248)
AFETLBO 7059.786 7118.259 27.83
. ETLBO -6961.814 -6961.814 0
° FETLBO -6961.814 -6961.814 0
(-6 961.814)
AFETLBO -6 961.814 -6 961.814 0
f ETLBO 15 -1335 158
( 105) FETLBO  -15 ~1316  1.62
AFETLBO  -15 _1454  0.27
f ETLBO 243180 244926 0.2451
“ FETLBO 243091 243612 05198
(24.306 2)

AFETLBO 24.3079

243197 0.1287
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