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Abstract

Over the last few decades, evolutionary algorithms have been widely used to solve complex opti-
mization problems. However, when using evolutionary algorithms to solve constraint optimization
problems, best results are often not obtained, because they cannot directly reduce the degree of
constraint violation. In order to obtain the better optimal solution of the objective function and re-
duce the impact of constraint violation on the optimal solution, this paper integrates the global op-
timization advantages of the artificial bee colony algorithm (ABC) and the stable computing cha-
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racteristics of the constraint consensus strategy (CC) into a new hybrid heuristic algorithm—the
constraint consensus strategy based artificial bee colony algorithm (ABCCC). During the evolutio-
nary search, the constraint consensus strategy is quite effective for rapidly reducing constraint vi-
olations. Through a set of test functions and a comparison between PSOCC and DECC, it is proved
that ABCCC has certain ability to deal with constraint optimization problems. Experimental results
show that the algorithm has good performance in optimizing quality and convergence speed.
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LIRACA TR R AEL TE LVARGEA T X H AR R G AT AL R T [ 1], AR SRR P ® Bl B A
L FA BT LR BRI i RUE N -

min f(x)

st. g,(x)<0, j=12,---,q
) : (1)
h(x)=0, j=g+1--,m
L <x <u,i=12,---,n

Horbx = (X, X000 % ) A n 4EAE =, f() N HARBREL, g AARERLH, h(x)NERLH, ARG5S
KARMBANEG LA u 2500 x 0 FRAER . BRI T LRk ) @ 8 & a5 e, AR
ST AT AIATIEGA S BRSO RTAT s, S RN AN FTAT

TR B E v, RS n R LSRR . [FIR, L EIER 2 R AT AR 7]
BRI, 75N AR R A R, LT Re A kil Rk, A 0ELEEEEN
L) F AL PR AR A HE L) FARAL 7]

ASCEREH T —Fh 3T 290 — BRI 19N TR VL (ABCCC). A\ T g 5% (Artificial bee colony,
ABC) & Karaboga #&Hi [ — Rl it s R aUE0E, HORBOR A T #8178, HTRESE R
I f[2] . AHRE T 2200 340 S35 (DE) FRL T 59%:(PSO), ABC SiEA AN R L% 1) ABC ERHML
g R T TR EF . 2) ABC Ry Fafi. MG, Bl UG RO T 2B 2408 @1
oAb N T ISR AT AT 3R B, 75 ABC Sk 51 N T 293 —FUkng . CC Hemg HA LU N A&([3]: 1) CC
FWE 2 TSEW. 2) CCUHRE/N, tHERENLE. N T RS ABC HikA CC %ng, ChEFisit
T AT AR A A3 o B 43 AN AT AT MR CC SRS AT 1 E Ak, FARAS AT MAFI 0] 1744 R B ABC
HEATEE . N T KA ABCCC (5, K] CEC2017 FE ik s ot itk REEAT IR . SEIbR ], 7K
ZHAEDL R, ABCCC WRSICH FERR, WSIoRs BEchs, I HL BRI th 2% [E M F 2 FE 1% i . ABCCC 5
DECC #1 PSOCC L th 5 B354 /7. SR J5H | ABCCC #i: 5 HoAh 593 (CALSHADE [4].UDE [5].CABC
[6]F1 GABC [71)i#:47 T Lk, SLibsh &M, ABCCC HiLMMEReL T H AL 2.

AL, 5155, 52 THRMER LR 80k, 53 WAHE T N TIEREE, iiE
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VRIS B LA 4, 55 WA TSI BRI, S, 6 TR T A4,
2. A R—BKEE

29 —E SR & (Constraint Consensus Strategy, CC) & — 1 [R5 43 & “F ¥k 5 $ 52 B4 [8] [9] [10], EE
() AR R I R A AT B, LR AT R A R [P A —ANEAT B 7 M AR b “—BuE WL 4k
B MRHEIX AN, R SO S AT AN AT AT A DA SR T AT
2R — B RE BRI 2R — D R FRBIAE 0 A x ALE R RN AR AT R, TR RS
S, AIAT I A B AL S HT AN AT AT R B L eI AT R R 3. e TR ML ARSI, B TR
PELR AR —Mbivh . & A nIAT SRl AT X BE B 2 s 5 AT XS 2 [ B s /R LR AR, B
AT HERE R [11]. AT R E R E AR
v =vdve(x)/|ve(x)[ @)

Horr, Ve()RLARMIBAEE, ([Ve)I2E K vadmidxe, Uil es R & mnfv=0; da&—1J
FZH, WA BN c(x)i R LI RN d + 1, WiRALERD o(x) Rl 2 LR AN d - 1. AT
P ) B AR LR ON V], e RIT AT R B

Table 1. Pseudocode of constraint consensus strategy

=1 YR—BURR

Inputs:  aset of constraints ¢

an initial point x
a feasibility distance tolerance «

a movement tolerance 3

1 NINF =0, forall j:nj=0,5=0

2 For every constraint c;

3 If ¢ is violated

4 Calculate feasibility vector fv and the feasibility distance||fv||
5 If||fv]| > «

6 NINF = NINF + 1

7 For every variable x; in ¢;

8 nj <N+ 1,55+ 1y

9 End for

10 End if

11 End if

12 End for

13 If NINF =0, then exist successfully

14 For every variable

15 t=si/n;

16 End for

17 If ||t]| < Bthen exit unsuccessfully

18 XX+t

19 If necessary, reset x to respect any violated variable bounds
20 Go to stepl
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BRI R LR AT PR T AL 2, A EISER F F EA— BUA R . M RE LUL
ARG FATE o) A A U S A A BT A RS BT 40387 SR & T A b
B BT TR B S R IIE ), PR — SR e T Bl U RIBE S, B — Sk
T KPR S B R R . ST SO S B 1 R, NINF AT R
HOBCR:, s F A x M0 vy WP E R A AR PRI RO, my FRZE LA I 2L o 0 SR 2R
B, fuy TR | AN LR AR L FO4 B, €S . AN A, A4 TR I,
SRR, SN RILIOE R N BT B N F o, ) NINF %0, S04 1k 8).

PR — SRR R T BEEG, BE T, BN AT B AL A 17 T A R A L TR A,
B — S A7 TR B A7 0 5 53— 2L AL 77 T R 0 43 e AR TR (LS, 424
S SR AL B R, SORER AR 27 A A

3. NLigE %

N T HEREH % (Artificial Bee Colony, ABC), 2 H1 Karaboga & B i) —Fh 3k T B IBENLOUAL 7325, B
LT BB B AT, BIARYE % B 0 LI T A RIS, FEedlg Rt (s B 2R, M
TR 21 v 85 1) e A«

Table 2. Pseudocode of ABC algorithm
Fz 2. ABC KIfAR A

1  Initialize the food sources and evaluate the nectar amount (fitness) of food sources

2 Send the employed bees to the current food source

3 lteration=0

4 Do while (the termination conditions are not met)

5 /*Employed Bees’ Phase*/

6 For (each employed bee)

7 Generate a candidate solution in its neighborhood following Equation (4)
8 Evaluate the candidate solution and apply greedy selection

9 End for

10 Calculate the probability P for each food source according to Equation (5)

11 /*Onlooker Bees’ Phase*/

12 For (each onlooker bee)

13 Send onlooker bees to food sources by the roulette selection depending on P
14 Generate a candidate solution in its neighborhood following Equation (4)
15 Evaluate the candidate solution and apply greedy selection

16 End for

17 [*Scout Bees’ Phase*/

18 If (any employed bee becomes scout bee)

19 Send the scout bee to a randomly produced food source

20 End if

21 Memorize the best solution achieved so far

22 Iteration = Iteration + 1

23 End while

24 Output the best solution achieved
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FE—A BARMERE T, WA =T R R EEE, AR, SO, MR R
i, 53 —FAE55 0. R ST B SRR BT, R [ 55 DA% ik e i 1 SR . 55
WA YEWCRI (S S ) T b B S 4 A B AT PR . 8 SEBURAE FLE IR AR N R S, U e
YFEz A B ROV, RREHL T HRBI B[] [12]. 7 2 S0 T N TR RE R Dy ARRD .

N TR b, BRI B RN IU A R RR R, A SR 0 A B s AR AR RSG5
X EIRAAL EREATAIARAE, i U e (55 W) (A K 25 SRR R

X,; = X" +rand (0,1)(x[™ —x") 3

Hef, i=1,2,..,9N, j=1,2,... D, SN 2ZFEMEE. D NRKZRNLEE, RIS
xmax j Al xmin j 53 A& LRSS | YEALRRALE R ERAR R, Ak, R B, AE T BRI B
PR E N 0.
WISEALI BEEE R, ABC HEN RIS, 55 WA T A e B (O 3R, B30 L & 1451 . 78 JR i
BB, A R G I — AN 5 (0 B R R IR AR A X AR ) BRI AT AR R, AR () 7 R AR AR B B IR
Vi =%+ (% %) “)

kAT T HIBENLER, jRENLIERERIZERE . g AE[-L, 1VEHE A K — NS A BN LA, e
TIBNREE o I A x AN R BT I B v AR RSN AR A X AN A (DRI T TE
WA, AR E NI A .

SRJE PP R B IR NG MR, B B v M@ NI T x I, SR S B i L s YA SRR (1
FIR, ENORE xo WREPRE TN, WIS EE N, SN, RN 1. Bra i e
SERIZA RIS, RIEHE BASHIX L &R 13]

FE 55 DUMERT BL, 55 iR R R et 2 IR B, AR ARy HEKEEENBR, %8
e Pe— M EIRAEATIT R BRI AKX G) -

fitness;

Pi = SN (5)
> fitness;
j=1
NTERERE, WIS N L PG AR 2 3C(6) TH 5, £ 2R Ak ) o K -
mﬁ:va+ﬁ) ﬁzo. ©)
1+abs(f;) otherwise

SR R R 1 iR R e, R SIS B g, 42 A () e ML 4k 2L T 4K
R

FEAUELIERT B, ST/ “limit” 932 ) 2Ok g 2 B — 2. R ZEREA
“limit” BUE A AR RIS, A ZEWEM BT, I HXTROZE IR R oy il a e, 45
I Q) EAR R A A P REAL ™ AL — DTSR, R YIIRR B— .

e {XE‘“” +rand (0,1)(xj'.11ax - xJ'.“‘”) trial, > limit -
X:

trial, < limit
4. BTAR—BRBOATEFREZL
GEATH, TR AR T AR BORIS I TR EA N A . B 122 50ER R . AR AR

DOI: 10.12677/csa.2020.1011215 2038 MR 5 R


https://doi.org/10.12677/csa.2020.1011215

RERRS, RBEST

FEEIRTLAE H, FOEFAEAC R A AE A, ARAE AR B RIAT 70 B T By, — B e B A ATAT AN,
5 BB W T AT MR RIR R AN FTAT MR ER B o SR G 70 7R 240 AR — SSRGSy A 2 Y 4
TP RIHEAE
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Hid SR L AT DLAR B 2 AT MRS T AT MA SR S AT M SR & o BIAR 10 5 BRI o A7 A2 1Y
AAATAMEN SP, £ SP HIEIGR /» AAIATAMA, id oy SSP(RI I IUES 43 AN Al AT AMA, A 2 A
FATAMAE SP), ZETEA 2 NALIR TR, X SSP ANARATAMREATARER, AR R A AT A
R E . BE)E, FRMATAT MRS AT MEGIF, RS N TR RN T2 MR IR A
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Figure 1. Flow chart of the ABCCC algorithm
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%i%

i

i)

WIBERIEE PRI TR 2 A A
X ¢ =Ly +rand(0,1)(Uy - L) 8)

Horp, Ug Ml Lg RRRARER BT, d WRREYERL. rand(0, 1)77<(0, 1)TE N HIBENIE. xq IR
BIUGR KRR

TR, THEAIRRIRE PN AR E N ML RS S, IR T AR BN T
T 0, RUPHATMEBRALRAR, ZATHAME, ZRERMERIN A RBUL FHEE, 50558588
AAAT MG IR ABC itk WIREAT —AAREE R, MARERERT 0, a4
WHRATATAME, P AT MRS 00 SP.

IATATMERISE G SP AT, £ SP AREHLAEH SPP ASANTTATAMA, A R i & 15 A A 2
RS, SR AET SPP ANAFATAMERRIALE . AMAR SCRIKIR A Q) AT« BIXHE AT M,
TR E R — A&t RS ATRALE S R R AR AR IS B MR L &, B MR X ige RIR
FIANTTAT AR S FR B T AT IMATE B & SR N T R ATk . 25 SP IR & NI, HiH
ARSI BAATATAME, B, P AT MR B N TR S A R, TR

X g =Xg+Xeq 9)

i EER AR, (BN TR AR FUOR I VAR T, M7 — skl R AT PR SIS A
BEAT 4R, BIAMA 226 35 5 2[RI I =% 18 H bR bR SO AN 2 R0 SRR o 2 MBS mTAT N, ek BB/ (%
MU TR, MBI R AT MRS AN TAT MK RN A AE, ATAT MR B AR 2 T AN ATAT MR A5
A FDATIAT AR, EEZ) PR SR s AR/ N AR T LAOR B

B, SRR I ARA0)WARER, R —MEZEE, LR EIE 10

h;(x)|-<0 (10)

FER RSN 3 R

Table 3. Pseudocode of ABCCC
5% 3. ABCCC fh{t#5

1 Initialize a population P
2 Evaluate the fitness values and constraint violations

3 If there are infeasible solutions (SP)

4 Select SPP of the infeasible solutions and generate offspring using CC strategy
5 The merged group evolves utilizing ABC algorithm

6 Sort the entire population based on the feasibility rules

7 Endif

8 Gotostep2

5. KRERE

ZE EELZEM T T ABCCC BIEMSLIRAE R, 1 Jarete e M sk B gt A, R3] 7
IRERTF LR, Wk T IZEER AR AR . 82Tk, &% ABCCC 5 DECC #il PSOCC
LT T 6 L (B ABC 8 oy 2 4y BEL S92 (DE) Aok T BE B9 (PSO)),  S236 45 &1, ABCCC it T3
KA ED . FIRNZFE AL T BE N SEOT R 4 R . 5% ABCCC HikE HARR S
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FISRERET T U, SEERR W] T ABCCC fEMR R AL M BA —E 5e 4 /1.
51 MARBESSHKRE

IS KA CEC2017 LYdARAL I ok 28 P B0 o0 bR B, X BVEIEAT 7 INA[14] . ek AR T ) ] L
BAFEECARFE, B 1) B AR R e L R Rt s R K, A IR RS, BB
PRBUR G 2. I HA B REOR ATAT A REAR R /N, X FEIGIN T AR R

S EE ARSI T WA FE P (KN A 100, 3£ SPP AN AT ATAMA K HE & SPP = 0.5SP
(7 5.3 w IR A 2K LUl B B 0.5), SaEARREEAA 100, AN B SLIZ AT IR EC 10 K. Xf
L H%: DECC Al PSOCC IZ 4 E lv: DE AR+ F %4 0.5, & XHF CR %4 0.4; PSO [)%: 2]
K7 Cy Rl Co A%, HUEIN 1.4, BHEAUE w B8 0.8, LR —BURM IS HRE W R w7 B
o N 107°, BEIEEMELN 107

5.2. SLIREER

TEATT, E5eFIt 7 ABCCC fE CEC2017 %4 T I gi R, [N iLxttt T DECC #l PSOCC 7£
FHIEPIROL T B SRB0 85 5, % 4 It T SLid R RIS BN s g FIEMRAEZ . SRR I BE A
VRAZ ) A 4R 2 1) B A5 R B B ML, SPIME BT 10 KISAT IS5 B, ARdE 22 e R SVL 1 E
P, FREZEBR/DN, RERERIZITA RIS R 2T, BIHEERRRER . S g LW ABCCC
(R e A AR T DECC A PSOCC, Ui Slnuik H. Atk 21 i L fif .

M 4 ATLLE H, ABCCC 3245 2 1) i AR AN~ IR AE K 22 2ok $(C01. C02. CO03. C04. CO05.
C06. CO7 #il C09) R ILALHL T DECC Fl PSOCC. i &% CO8 Al C10, DECC 75 21| i 4 S il f /)
f), H&T PSOCC 1 ABCCC. H:HH — % C09, 1% ¥(E ABCCC 1 PSOCC T HU/5 KB i A A .

Table 4. Comparison results of ABCCC, DECC and PSOCC
%% 4. ABCCC 5 DECC #1 PSOCC HxfEE£E R

Algorithm best mean std best mean std
ABCCC 4.3422e—01 1.0276e+00 7.7749e—01 0.0000e+00 1.9903e-01 6.2940e—01
Co1 DECC 2.0552e+01 5.7294e+01 2.6456e+01 C06 1.1025e+02 1.5862e+02 5.6512e+01
PSOCC 1.9394e+01 3.0953e+01 7.5116e+00 6.9656e+01 1.3079e+02 5.3494e+01
ABCCC 1.1917e-01 5.6705e—-01 3.6207e-01 —5.2474e+02 —5.2474e+02 6.7115e—06
C02 DECC 2.2081e+01 3.8531e+01 1.2447e+01 co7 —3.1552e+02 —3.0261e+02 8.6554e+00
pPsocC 2.8930e+01 3.6837e+01 4.6696e+00 —2.3716e+02 —2.0193e+02 2.3230e+01
ABCCC 2.6169e—01 7.2534e—01 4.5649e—01 1.2499e+00 2.6492e+00 1.0700e+00
Co03 DECC 1.9347e+01 7.9392e+01 2.6244e+01 co8 7.6596e—01 1.4086e+00 4.8360e—01
PSOCC 2.5698e+01 3.2883e+01 3.7946e+00 1.2276e+00 2.2839%e+00 5.8413e—01
ABCCC 0.0000e+00 0.0000e+00 0.0000e+00 —6.0917e-01 —6.0917e-01 0.0000e+00
C04 DECC 1.7852e+01 3.2618e+01 7.5740e+00 C09 1.8540e-01 3.2352e—01 1.2396e-01
pPsoccC 4.4996e+01 6.7187e+01 1.4799e+01 —6.0917e—01 —6.0917e-01 0.0000e+00
ABCCC 3.8795e—04 5.4388e—03 9.4572e-03 1.0175e+01 1.5753e+01 5.1411e+00
C05 DECC 7.2160e+00 8.1310e+00 6.5960e—01 C10 4.5172e-01 1.1297e+00 6.1977e—01
PSOCC 2.0620e+01 4.6958e+01 3.0318e+01 1.3172e+00 2.3567e+00 4.3120e—-01
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K 3 4l T EVENERE.. W TEANER, FObmid R T, R R AN T 2 o ) R 5
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5.3. SPP {Ex ABCCC By5Mn

7E 5.1 FATH, SPP ZHHERCH 0.5, RUERL T AAATAMER—F, fE iz, AT SPP
X R RE I R o

AEERANTTATAMART, 5.1 A B R TEATA AN AT AT AN o ROE RGN, BRI AT 3 AN [H] L
G Bl A AT I, Hedr SPP & v 0.1SP. 0.3SP. 0.5SP. 0.7SP A1 0.9SP (SP B Ayif i & i/ 44 )
ARRATIATME) . SPP RS, THUH% 2 A B, Bk gy seae gl s 5 . MR MAEE,
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Table 5. The influence of SSP on results
%% 5. SPP {ERE BT B A A RIS

SPP—value best aver std best aver std
SPP=0.1 3.6224e—01 2.1745e+00 3.7883e+00 9.6252e-02 7.5394e—01 5.1756e-01
SPP=0.3 6.6545e—01 1.0406e+00 3.4463e-01 1.2425e-01 1.9530e+00 2.8007e+00
Co1 SPP =0.5 4.3422e—01 1.0276e+00 7.7749e—01 C02 1.1917e-01 5.6705e—01 3.6207e—01
SPP=0.7 8.0072e—01 1.4671e+00 7.0296e—01 2.6261e—01 9.3691e—01 1.2533e+00
SPP=0.9 2.7358e—01 1.2008e+00 6.8819e—01 2.5149e-01 9.4132e—01 1.2486e+00
SPP=0.1 3.324%e-01 1.2147e+00 5.6815e—01 0.0000e+00 0.0000e+00 0.0000e+00
o SPP=0.3 5.2694e-01 1.3587e+00 7.7649e-01 e 0.0000e+00 0.0000e+00 0.0000e+00
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Continued
SPP =0.5 2.6169e-01 7.2534e—01 4.5649e—01 0.0000e+00 0.0000e+00 0.0000e+00
Co03 SPP =0.7 1.7941e-01 2.2968e+00 3.1205e+00 Co4 0.0000e+00 0.0000e+00 0.0000e+00
SPP=0.9 3.1033e-01 3.1911e+00 3.8990e+00 0.0000e+00 0.0000e+00 0.0000e+00
SPP=0.1 3.1579e-04 3.0156e-03 3.4689e-03 0.0000e+00 2.0000e-01 6.3244e-01
SPP=0.3 1.3199e-03 1.2395e—02 1.7242e-02 0.0000e+00 7.9602e-01 1.0277e+00
CO05 SPP =0.5 3.8795e-04 5.4388e—03 9.4572e—03 C06 0.0000e+00 1.9903e-01 6.2940e-01
SPP=0.7 1.4399e—04 5.3629¢—03 6.7180e—03 0.0000e+00 1.9921e+00 1.3279e+00
SPP=0.9 6.0703e—04 1.2685¢—-02 2.9036e—-02 3.9851e+00 1.1887e+02 1.4430e+02
SPP=0.1 —5.2474e+02 —5.2474e+02 2.1047e-07 5.1001e+00 8.7588e+00 2.7110e+00
SPP=0.3 —5.2474e+02 —5.2474e+02 2.6055e—-07 1.1888e+00 2.8243e+00 9.0287e-01
C07  SPP=05 —5.2474e+02 —5.2474e+02 6.7115e-06  C08  1.2499e+00 2.6492e+00 1.0700e+00
SPP=0.7 —5.2474e+02 —5.2453e+02 6.7970e—01 2.5761e+00 4.3356e+00 1.0971e+00
SPP=0.9 —5.2474e+02 —5.2474e+02 9.0928e-06 6.5659e—01 4.0359e+00 1.9499e+00
SPP=0.1 -6.0917e—01 -6.0917e-01 0.0000e+00 1.4054e+01 2.0605e+01 5.9842e+00
SPP=0.3 —6.0917e—01 -6.0917e-01 0.0000e+00 8.9854e+00 1.6984e+01 5.7525e+00
C09  SPP=05 -6.0917e—01 -6.0917e-01 0.0000e+00  C10  1.0175e+01 1.5753e+01 5.1411e+00
SPP=0.7 -6.0917e—01 —6.0917e-01 0.0000e+00 8.3204e+00 1.7478e+01 5.2565e+00
SPP=0.9 -6.0917e—01 —6.0917e—01 0.0000e+00 8.9586e+00 1.6326e+01 4.7826e+00
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Figure 4. Convergence curve of ABCCC under different SPP
values (C02)

4. 7[5 SPP {E T~ ABCCC HyUtesrhLk &l (5F %% C02)
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TEiZ&E T, ABCCC Fik5HAMR B LT T bR, BRIt s: SR PR 6 #. ABCCC

DOI: 10.12677/csa.2020.1011215 2046 MR 5 R


https://doi.org/10.12677/csa.2020.1011215

RERRS, RBEST

4t CALSHADE 1 UDE #HT T sz bk, 45 53R ABCCC Rl K 2 Bt s 2 s L i . (BT
PR % CO1 1 C02, CALSHADE Sk HUS T s B S A s X R % C08 i1 C10, 5i% UDE HIRILE 4T,
{H N SR, S2i 45 S B ABCCC Bk Pk Retl T Hofh 53 .

Table 6. Comparison results of ABCCC. CLSHADE and UDE

5% 6. ABCCC 5 CLSHADE #1 UDE EARILL 45 R

ABCCC CALSHADE UDE
best mean best mean best mean
co1 4.3422e—01 1.0276e+00 1.6437e-02 1.7105e-01 3.1160e+03 5.2019e+03
Cco2 1.1917e-01 5.6705e-01 2.4550e-03 1.3606e—01 2.4394e+03 4.3835e+03
Co03 2.6169e-01 7.2534e-01 1.7797e+04 2.2553e+05 2.0650e+03 4.1730e+03
C04 0.0000e+00 0.0000e+00 1.8905e+01 3.4916e+01 1.0086e+02 1.3747e+02
CO05 3.8795e—04 5.4388e—03 2.9752e+00 4.0586e+00 1.3716e+04 3.6528e+04
C06 0.0000e+00 1.9903e-01 1.6082e+02 3.7367e+02 2.1652e+02 3.0200e+02
Cco7 —5.2474e+02 —5.2474e+02 —2.1798e+02 —5.9272e+00 —4.0431e+02 —3.5367e+02
Co08 1.2499e+00 2.6492e+00 1.5861e-02 8.6148e—02 —9.0367e+01 —9.0367e+01
C09 —6.0917e—01 —6.0917e—01 —4.9730e—03 1.8271e-01 —6.0917e—01 —6.0917e—01
C10 1.0175e+01 1.5753e+01 8.7000e—05 4.6556e—03 —5.9754e+01 —5.9754e+01

N L BVEAE JE R B FU gl v 2 i fe 7 — 2984k, Lt CABC Al GABC, [AlthiZ & 1ith
¥ ABC BiEE 4y CABC fl GABC, RfXeBHyEiT T HAL, 255+ 7 Fin. B 7 illilg % Co1,
CO08 #1 C10 #I, ABCCC 1 HAth Ik ok £ v 35 Re 8 46 B i A A 1 ek % CO1 Fi CO8 I i ML EH GABCCC
#F], %7 C10, NIZ CABCCC 343 [/ Mi. FLHIRK, GABCCC 4 e e (B £ 14 2 J& S Hox

AT, XFERIN
HBFET T SOR S, SRR AR,

Table 7. Comparison results of ABCCC, CABCCC and GABCCC

IS
w2

52 7. ABCCC 5 CABCCC #1 GABCCC & AHLL AR

MELK . HAR CABCCC K TR £E AN LE BN BN MAREAT AL T 458 AT,

ABCCC CABCCC GABCCC
best mean best mean best mean

co1 4.3422¢-01 1.0276e+00 4.0138e+02 1.1968e+03 2.7349e-01 8.8519e-01
c02 1.1917e-01 5.6705e-01 1.9751e+02 8.9848e+02 1.7921e-01 1.7533e+00
Co3 2.6169e—01 7.2534e-01 3.8785e+02 7.8629¢+02 2.8725e-01 1.2546e+00
Co4 0.0000e+00 0.0000e+00 6.3515¢+01 7.9414e+01 0.0000e+00 1.9362e-14
C05 3.8795e—04 5.4388e-03 7.5505e+02 9.1375¢+03 4.9405e-04 3.8794e-02
Co6 0.0000e+00 1.9903e-01 1.0994e+02 1.7150e+02 0.0000e+00 4.5917e+00
co7 —5.2474e+02 —5.2474e+02 ~4.2280e+02 —3.8719¢+02 ~5.2446e+02 -5.2152e+02
co8 1.2499e+00 2.6492¢+00 5.3728e+00 1.2295e+01 1.1618e+00 2.3740e+00
C09 —6.0917e-01 -6.0917e-01 -6.0917e—-01 1.8960e-01 -6.0917e-01 -6.0917e-01
C10 1.0175e+01 1.5753e+01 7.7372e+00 1.5545e+01 9.8156e+00 1.6622e+01
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