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4B AL (ARDEA ) X S B AT SR, 205 0 R 2 PSR W fee L A7 B, B i ¥ R R 4
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valley BRI E EATMHE R T M EGES, L B ESE RSN P S EF RS 0P 8ER7E(RD) EH
wRAE. B S SRR RE R Y Sl A DL AR5k [ VR 3% 2 e i ) 1, 285 S 2R BH ) ARDEA 5505 7E 8 A
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Abstract: To solve the problem that traditional evolutionary optimization algorithm is difficult to effectively keep track of
the optimal solution in dynamic environment, this paper proposes an adaptively reversed diffuse evolutionary algorithm
(ARDEA). The new algorithm adopts the multi-population strategy to track the optimal solution and monitors the envi-
ronmental changes by setting the global dynamic sentryin each subgroup. A differential particle swarm velocity update
formula is introduced to guide individuals to search for the optimal points in the search space. Meanwhile,in order to
ensure the diversity of the population and the search efficiency of the sub-population,a new exclusion strategy is proposed
in this paper. This strategy includes two method. Firstly,it uses between-swarms average Mahalanobis distance to judge
the inter-population distance. If the distance is too small between two sub-populations, hill-valley function is used to
further determine whether they tracked the same peak or not. Secondly,the subpopulations with poor performance in the
search overlap will be reinitialized by reverse diffusion operation (RD). The new algorithm is compared with several
state-of-artdynamic optimization algorithms on moving peak problem. The results show that the ARDEA algorithm can
track the optimal solution more effectively in the dynamic environment. Compared with other algorithms, the ARDEA
algorithm shows strong robustness and adaptability.

Key words : dynamic optimization, particle swarm optimization, reversed diffuse, between-swarms average Mahalanobis
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F(x)=max(or min)f(x,t),
o [FEX (1)
XCS, teT

Horpr S 2 RS 0], ¢ W], £ 2 H bR pRE, » S ATATAR, X (¢) BTE ¢« 20 AT AT A B 5. MR ] Ry
P T DOPs YA B RIAE T :

(1) GrAar bR BN > /i RS AR Ak, T A2 AR5 B4 PR A LS e 3

(2) el R B R doe DI A, AN I3 I PR 5.

DA b SR AR G A S A At DR Sl A 0 A ) ST T s ) BT R A

DOPs FJAAESE A8l R G5l ) @, & 5o PR 45 rh 4 A R 3R 00 A B DR 5 80 SN & AR e i 22
e, MAE R —FPIET A SRS BEHLE AR5 | AL 55125 (evolutionary algorithm , EA ) i i3 > 8] (1 #H &
PME AN 5 50 S 2 445 8., DATT R 5 1) R ) s L. DRLUtE , EA L5 SR A Sl A U0 Ak Il R A SR AR L 3 4y
SE AL TR AR i) — T 58 0, ] fite) , H 5 i} ,EA SRlR AR RN ) I A= 7N ( particle swarm optimization,
PSO) "z b FH TR A DOPs 19 —Fhis L. SR, AR RG S A R BE th Al BE 2 AR 1 | DL RORBE sh
ALK T T B T R ) B, 75 B — i PSO Bk R R A 78 FIelcatk | LAGK 2 78 sh A R 85 v o
TR B R R ER A LR Y B .

ASGHEBTINE AT DOPs (47, & 1 — B R 2 [m] i 8 51« 3 0 S ) ) H08 A6 5872 (adap-
tively reversed diffuse evolutionary algorithm , ARDEA ). 12583038 i 15 57 30 25 W W A5 (sentry ) Wi 3815 284k
SR FH 22 R SR T S U0 e AT R s TE RS Rb R vy, 52 22 078 S JEVAEURS i, 88 S — TRl A s e B o
B AR AT AL ; RIS S CRAEFE AR DL RV R AOR A SRR T — Rk i HE S+ 3R
W, KA R T S R AR 22 1Y TR RE S I B2 19 97 TR A (reversed  diffuse , RD) BRI R 1k, A SCREBT 3R 1%
528 HFTERE B 14 3h 25 U0 A 53 2k [ IV T 74 v 3 25 000 3K e %50 - 7% 3 0 0 35 8 ( moving peaks
benchmark ,MPB) "'t SCEGZ5 L0 ARDEA 534 sh S B85 P B A AU IR B e A A, 5 & HE AR R Tk
T, ZRI0 B A0 5 A T 7 1

1 MR

1.1 EBhEMmHEE

T RIBBHASPEALIRIE(DOPs ) BB IE B R Z A sh AL A LD MR T RS IREE T EA Ead— B
B 1] A3 3R B (B30 31— A 181 2 0 e A PR XS AN [R], 76 S A8 PR EE H 33 Bl 50K (5 75 (] B
TE 1387 A58 1) B R ¢ AR 208 IX T 0 B 1 Z2 A M | DT T2 703 A5 1 PR 0 38 [ R ) e U
B, SRR S AL IR BT, P ARk B PR AN PR T 3RA5 —A 1 B, TR 25 A W22 1L 1 38
B b HLAS BRI 38 WV RE 7, NS AT e bas 5 3] e Ok 1 A8 AL Bk

PSO 32 H A FH T DOPs [n) 4l ) 12 i Ak Rk 2 — 70 SCER[ 7 148 T —Fh 3L T 2 Fp
FHERIERE [B] SCER (RR - FHTR & A S A PR N e AT BRER . AR ZAFEE T Ak Rk
SCUATAE R B PR U8 PR AR BT B PR B A8 A 5 B 46 At ok 5 52 0% e AR | B R A T IR BE T SR AR
fift. Cao SEAESCHRL 11 ] Hr R 2R3k 18 27 >0 SR Rl A SR T FREAR Ak 1 3 B8 BT vp R < e IR J” SR s
XHREUEATHBT. Li 260 e o A 2 W [l B A0 A, B0 T — SR FRE s A AL 335 (CPSO) , CPSO
KT —FhAR: ) RSNk, 00502 B 40 B B 2 NI B, 205, Li % %) CPSO &
AT T8GRI 3 Z R R AR SR ik h ) EARERAEAE — R & | DA 2 1
(). 5340, NREBHM™ FEA A T8 SO rb B X Sl 2R Ak T 50 b iy s ] IR AR | B 285 Ak SUBIL ) 45 Joe I it
€, IR XTI K KR e BE ()R S 0 B S AR 2 A 4t T — B IR & PSO R4S (HPSO) |, Ff7E
AL S R ASCR.

25y 1 ((differential evolution algorithm, DE) J& 55 — A~ 3k H F 3l 25 40 4k 1] 81 b () 36 {5
PN, SR 177, Mendes S5 T — i 22 Bl RE 22 203 AL 5302 FH TR i DOPs, 3303k 4 4~ T
HER A IS DE #/EIE TR0, Brest 258 1 2009 4EHEH T —AN H & W 2200 AL 50k Bk —Fh A
TGN DE B th ZEGHEATRE T, R4S 2 S 2 AP X S S EE T DE Sk T8GHE. Hui
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SEHO GRS DO SRR TR 4 A B IR I 1 3 I AR SRR, DA 8 I ARy R R B A B, Xk B A
BT ) Z R DE Bk 7ol
R R R 2R IR AT 2R RE AR R S A TE S ARG T B AR T, SR R
TESNSIREE T X i 1) Fr 2 BRER BB AT A 18 248 T3 ).
1.2 PSO Hik
REFRERALT: (PSO) J2 — i T REE BRI 22 R BEALIE R 55, i Kennedy 551" T 1995 44
i FEHE LG D GG MERER LA M 2 B 2 . 78 PSO Skrh A MA i) R —
AT AR B U v, SOLE «  AEME (PR (1) L (2) Eax) R 7 i 7R 8 2R [E] N
R sk SR, Horb AKX AT B Bz 3 250 11512 3 (inertial motion) | JE T4 7 52 28
B AR “ N2 2 (cognitive learning) ™ DA S B AR HE Iy sz 28 9 ) IR 1 “ 41 23 2% 2] (social learning) ”
3 A . AT (1) ((2) Pk
v, ;(t+1)= v, ;(t)+c rand,(pbest;, ;—x; (1))+
c,rand,( gbest;—x; (1)), (1)
xi’j(t+1)=xi’j(t)+vi!j(t+1), (2)
Hr,i=1,2,-- N5j=1,2, - ,D(N AFEERAE, D R F LA 0 BPERUE (inertia weight) ,0 € [0,
1];¢, Fl e, AihAHIZ: 2 [HF (cognitive learning factor ) F14t 23 %% 2] K F (social learning factor) ,c,,c, € [0,
2] ;rand, Rl rand, SEFE(0,1) DX [0 ARSI 50 A B P S BEAILEL , pbest, , gbest 433 M5 @ A~k F) 24 R4~
UNGIE: S5y R VR TSR 2R VA
1.3 #5# DE Hik
PRifE2E 35475 (DE) H Storn 55T 1997 4E42 12— P THAA2E S B ReHEAL 7 ik, LA T B B |
ZYESHUL B 5 SR HI A ST AR KRR A BN e, DS TR T BEALE R 3 AR
FFRBAE X, x, x, DI —AS SO 55 A SO S IR — sl , i 55 MRS U #2547 B 48
VR IR SE R R fy k. il =8 (3) F(4) B PR E FI G 25 50 28 S (R 22 itk Ak v,
FRE x, A5 AR )
DE/rand/1.
v.=x,+F - (x,~x,) (3)
DE/current-to-best/1 .
V=X 4F (x —x) +F, 0 (x,—x,) (4)
Hrrigr ,ry,rye {1, NUREAHFR RG], ry ry, ry BBEOLIEI F | F, HEEA T, RS
BRSNS K DA

2 HEMIRIY Brsi sk

TESHASFREE | X PR 75 b 1 S A % 7 A ot I A £ 3 45 L 13 S22 o A 0 2500 1 B i 062
Bl g FE 4RI I B AL B RS U A 8 BRI B DT HE— 25 2 725 3 A O A P A, AR S
BT R4 T DY O (ARDEA) 3 SIS HHE T I et i858 (1) % DE &
Je %, X PSO B T A S HEFTECHE 5 (2) RIS 2 A RE SR M , 412 1) — o 30 HE - 5 W (o e B 2
FEME 5 (3) T HE R AW SR LT B 11 0 — = BREIA) 14 T [C R Y S Sk P AR IR 35 , %o T /N T L & 119 -
BE,PE— 03 hill-valley PR NS H P Ak T 25 ST R RERS 1 EHE R IX 8K (4) % 26 H TR RE R 7 422
B 52 [ 47 SR P L (02 BT B R A 2 5 0 PR 1 R T AR
2.1 EEEHE

TESHASERBE b, Q0o v i e M R PR . P8 S AT — 25 (b A e 3 25 A A R — A
CHEIIRE, [, ASCE 3B S PRI, 51 T —ANE IS & T 3 A 588 T i B g At i Taia
K237 B DE A5 ASUR & 6k PSO it (1) e BB IE , PRIA SCRR 2 8 VD B BT 4>

vd, (t+1)= s+ (x, (1) =5, (1)) +@,(ghest,—x, (1)) +@,(pbest, =, (1)). (5)
Horp s BEFRZ 0 2243 Z 80 (differential coefficient) , HAUE KN Fm R F o] g A2 o 1 #5272
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FE. @, Tl @, WA S50, T TR BB ) A2 ) BRI A5 825 T YRR B
15 SO HIEE T ARMIL R (10) KRGS

o1 A R A A R Z IR 22 57 (R BOR S kL [ 7

TR CAF 7. A 1 FR. mE :
VD K 2 il B AR L K BE AR (< Momentum+ Social ” RS :
component) FX BUfE B, M ALK B F AR 2% | —M
( “Inertial+Cognition” component ) , M T FU 41 7 {5 B BUER
I, IR R S [ AR R B ). B R B AR A A
NPT N 5 3 0 Y I AR A AR kA e A ok 1 ]
FAOREG L, A %o 98 28 SR ) B PR 5 TSR BB 5 it f o

D=

vd, (t+1)

TFAMRLE I 17 2 17 T B Ao s P 25 1 L, [ 4 7ol FHEFAICE
SKCHR L. BEITAS By BEINSE 1] T 3h A8 PR vh S0 R) E1 VD SRE
07 B IR R G, S AR R AR R e VD decomposifion diagram
XFFRE B 2 H R PR FH 22 708 AL 28 57 (differential evolutionary mutation, DEM) (2] 5 gbest FEATHLSN.
m; =gb65t,'+(xr1,j_xr2,j) +(xr3, T, j) ) (6)
gbest/.* _ m;, if rand<0.1 orj .=/, 7

gbest;,  otherwise.

H rand JEX 213 A BEALEL  rand € [ 0,17, ., Je—FEALEEEL, j..e[1,D].
2.2 HERREE

Z PSR CIE S sh S Z W Y — R s B 47 B R RO IR Z2RE | R [ Y
AR X0 22 A T 2R ) AT S PR AT e . PRI, SCASR T 2 R0 SR SR i s 28 22 0 )il Sy
GRS ] 48 2R ] — N AR SO T — P (8 HE e SREm | SR o 37 e (8] O B B dlise , 5 B (B
8 HHAT LA 5 dist <8, W) T ik — A3 3 hill-valley' ™ pRZSOR 1k — 25 4 52 1 4~ —F B B2 75 X [] — i/t 17 R
B, e, WP TR P PERE A 22 1Y 25 T IR AR L N LAY IOy U AT REAS- A2 25 4 2R DXk,

SBHE TR SRS A S R AR Y DGR R - (1) AT B i AP B A BE R 7 (2) X T 45 B e SR P A o
T AT e
221 FAAREHGEE

SCHRL 19 ] v, PSR AU AR A AR i B 2 A =0 H 3 4> 1 HF TR A B . S
{7 B8 LASEAS RORASR AR RE A 07 B 785075 I RE b AN A Z 18] (9 20 A1 e e, B bR AR 4
FAIAAE . Ry v iR 3R [R] R AR SC A7 S8 20k v 4 (8]~ 4 B K ( between-groups linkage ) 24 5 1 G
& ( Mahalanobis distance) Bk S — T 14 R AR ARE (8] 8 AN 30 FE IR 22 R B ] S 44 5 G
#7125 ( between-swarms average Mahalanobis distance ). 7EZ5 HAHICRE L Z AT, B S 4 H AR B B2
AR

EX T AMESHREE R DR, WX R DEA N A NRRFRE w AFRE X B SR AL E
A, B p=E(X) 38 X AMRRY B 7 22555 ) 2 1) A — MR o, BIRIRE X AREET E SO

d_m(x,,X)=(x,~u) 3" (x,~u)". (8)

TEX 2 FEE]SE4 5 G B ( Between-Swarms Average Mahalanobis Distance). % pop, 5 pop, AR H

{EEPIFFEE, W pop, 2 pop, 22 10] -5 B FRHE B % SLANF .

N
Dist,; = 2 d_m(x,,pop;)/N. (9)
=1

Hort N A pop, FVEERLEL ;x, SN pop, PAEE K, B v, € pop,(t=1,2,---,N). d_m(x,,pop,) N pop,
A x, B pop, HHE.
A SO 1 AT R G g5 TR] , H xR B B AN o0 A 1) — BB B A 5K, B 7o 2 IR S R A~
PR Z ) B AR DGR B, 38 S A U Jr 25 0 I | B8 A 5 e (R A B 25 CARRLBE ) . TR )~ 4% 6 X B g )2
T A TR R RS AR B 55— B0 TR S U S A R TS50 B A A S B 4 R B CRERUEE ), DA s 4 1
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TR PP AR A 0T I B AR R .

FIFHZ PR 0 R TR R R v B IR . — 1
FRRERT— R TIE R, BRI, 45 dist<d, VLA G 7R REFE B A/ 38 R
GUAT REF S, T A] LA SRR — > T4l T R AL th R R X
b (R I e B =N L R ST B R R N O SRR A R
TE LT FEA BRI TR Al RER AN S8 5 1. SR ], (44> Fof
HEIU AT REHRT UGS T— X — M 2R AN SCR A hill-valley J5UHH( ULJF BN
HE 2) FEC(10) X6 7N DX I A e A Kt — 25 4

SCI TG 2 B 6= X/2 - exp (Vm ) , Horlt . X Ry 28 W 24 1)
Bl m SEWERAE S WL 48 D sy | BA 2 6] PR m K 8 /)N 2 hill-valley RI2REHE
ip=¢-c, +( 1 _d)) ¢, ( 10) Fig.2 hill-valley schematic diagram

Horp o E—MERTEL o € (0,1) FEREVERE TSR P HL ©=0.5. ¢, 5 ¢, HAIFHPIATFlft
EF"IL‘,Ciz(C“ ’Ci27'“’ci[))(i:192"“k9“'l’“'5> (S y‘j%ﬁ?ﬁéﬁa) 9H:

N
2 Xy
=

_ k
)

i N >
A fCp) <min| f(e,) , fCe,) | P2 B BEVITRIRE pop, 15 pop, S RIBER ARG , D1 7R
EEFRIR., T2 W 5T R R LR ) HEF T TR L A
222 RGy#ARAE
YT AP AR P AR e BB B R (2.2.1) A E IR B/ N T E 8, B . P T RhEEE R &
B, W T3S RECR  QERp e A M 3 KA R s ), T % Hor 5 A R i A7 SBw0 4n fL B
SRR AL 5 IR I AR TR 45, 558, W0 B AL BRI (1 —perc) N AN (pere S5 BCHC A1) ; 3

(j=1,2,---,D). (11)

WK, 2 XHEIEBR &, 55 pere - N AN NMAKE LA S5 BT 78 437 i
RFELUWESAT I P BHRAE (reversed diffuse, RD) (U7 & 0

e \ g for L BT HE)
[13). S e R BB TR B HRIOTH 08 | e

[L, U]z R RS

L 3 AT, S SR AR A A A3z 6 53— 7 i B3 REFHRETEE
ﬁ“}i[ﬂjfﬂ"ﬁi %?ﬁ?ﬁ%&ﬁ%{’ﬁﬂﬁ@ﬂ?(ﬁ( 12) %ﬂ( 13) ) Fig.3 Reversed diffuse operation diagram

B = () &0, 0e,x )) K 0 2 D AE2S (6] 5 37 T pop, HEUERAAR x) e [1,u ] HLAE L e L,
w, e U(i=1,2,--D) , VBRI E ] 5 ave= (ave, ,ave, ,---ave, -+ ,ave, ) T E—4EE LN

ave; = Z X (12)
HAG—E7E T — I 2 LR 08 S a8 8 84 RD an=Xi(13) fis .
X —ave.
lj+¥-(ave}-—lj) , o« €lave,u),
u,—ave,
e I (13)
| ave +x§’j_lj “(u,—ave,), «x . €[l  ave) [ o SRR °
I ave—1. Y i T P o JEIRFIRE
. " \ .. | o FHURME oo
ZERAEE BT A7 B, S BB b A AR AT RE OF o YlnmBEtL * o .
I S A [ bR T A I /s s G L (S VN v € N B - . o%o/,//;g
e 4 pos. Horr 35 R S SRR AR, 3 EUS R LLZL e 3
OISR, MRS ML, N 4T S e
Y J e v Ok 328 25 S s AR o0y, B3 HIUR R B -2 71086 ;4 2 0 2 4
S A6 TR, 5 BOR B/ 69 F R T T
Xﬂ‘“ ?Eté” ¥[Xbiiﬁﬁ?%ﬁi&%?§ Fig. 4 Reversed diffuse 2D effect diagram

— 123 —



PSR4 (AR

55 43 H5 4 (2020 4F)

BTHE T SR X 7T i e 15 R W] — 04 0 T - P £ B
hill-valley AN 3F— 25 i 0 | XL 1) 45 34 Rl
KA RD SREms BT 014G Ak, (A5 0 dn A g T A iE AT R
Up iR e DI DRIE R A 528 4 2 MR R B B A
HARE ). P T AL BRI 1 .

2.3 ARDEA &%

A 0 1) 4 O AL 3% (ARDEA) B S AP i
A, B FRERE pop, (k=1,-+,8) B & N DA K
R BUEYE BN (v, v, | ;gbestt RE kEDFREESS g
R I B BEASFHE AR D7 50 S Rl A7 B e —
MEFAE Sup,(k=1,---,8) . BT RAZE, B
FHRERE A s 50 X AR AT FOR R iR Ak, 4 Sup, T
WA TR BB, R T A AR

&% 1 ExclusionReinitialize(k,l) EAR T H

for each pair of subswarms(%,l)do
if dist(%,/) <6 then
tp=@-c,+(1=¢) ¢ 5
if f(4p) <min{f(c,), f(c,) | then
if subswarms (%) inferior to subswarms (/) then
rand generateperc - Nparticle for pop, ;
generate ( 1-perc) *Nparticle by RD operator for pop, ;
else generateperc - Nparticle for pop,;
generate ( 1-perc) - Nparticle by RD operator for pop, ;
end if
end if
end if
end for

FHEACH I BRORL A 8 SRR AN WAL, S R R Sh A iR L. FAAE BRANGTE: 2 .

&% 2 ARDEA EXEARSE

9oflag ; the mark variable of environment change
for £=1 to S then
randomly initialize position and velocity of each individual in pop, ;
calculate the fitness all individuals in pop, ;
assign pbest with current position of each individual ;
calculate the gbest{ in pop, ;
end for
while the stopping criterion is not meet do
flag=0;
for k=1 to S then
recalculate the fitness of gbests™ ;
if the value of gbest!™ has change then
flag=1;
end if
end for
if flag= =1 then
for j=1 to S then
reinitialize pop, ;
recalculate the fitness of all individuals in pop, ;
updatepbest of all individuals in pop;;
update gbest; of pop;;
end for
end if
for k=1 to S then
for /=1:N then
ExclusionReinitialize (k,1) ;
end for
reperform new improved PSO operators in pop, ;
end for
end while

24 BHENBERESH

HI53E 2 AT, ARDEA 55k 2405 4 350 MR IR Al  PREEAZ A i el 55 e 1 HEFe SR LA &2 VD
RS HUHERAE. )0, %F S AT AR TR T S22 O (S-N-D) JHirh N2 PP AME%H D
RASRGEE  REREE RS> O (S)  FREEma N BRI 464k, I [ S22 BE O (S-N-D) s TEHFRR SR mg | =290
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KB FF RS RKAE Y BRI BT T AE 0(S?) B S8R, Ja 3 BT B 4 B VR 7 i
[ H O(N-D) ;PSO-VD B2 R O(S-N-D). —BAEB T, TR B 5 S — B HUE A T ol 5 T 1%
FIAE N ;25 D BN AL N L D #5 D BCRET, B0 . D=100, N i@ /N T D. Z54 Fiksri,
ARDEA M54 0(S*-D).

3 MliAea%k

3.1 MPB [&f

#% 1 5] 51 ( moving peaks benchmark , MPB) """ g L1 Branke 7 1999 4E4 H 3452 132 I F i 35 45
MHRPRAE R, A LS CEC 2009 Hht R sh A5 AR LI 2 X, MPB H A W7 T — I 205K FH sh A e
U i 2% ( DRPBG) % MPB PR 25 I & B H S8 FE W I X AT e sh A2 4k

MPB pREL f(x,¢,0) E LUWI(14) ,b=(H,W,X) :

m —_ i 2
f(x,dht):I?aIX{Hi(t)/(l + W.(t) Ji (x’};’(t)))] (14)
iz
PRECHT  m VR n SRR, H W AL X [ AE IR A B R — I 2040 R P4
H(i+1)= DynamicChanges( H(t) ), (15)
W(i+1)= DynamicChanges W( (¢) ), (16)
X(t+1)=X(t)-A(t). (17)
SCHK [ 27 ] P, PR B B 43 A small step (TO) | large step &1 DRPBG S¥iZE
(T1) .random(T2) ,chaotic (T3) .recurrent ( T4 ) .recurrent with Table1 DRPBG parameter setting
noisy ( T5) Al random with changed dimension(T6)7 F, B[} . 75 35% Nm:s:rz?;;aks p:\;?)h:; <
L VR, HBELEIIY SRR R e s
ARl UL S 855 4 B B AL AZ AL, DynamicChanges ( - ) B4R 45 2 Number of dimensions D(fixed)= 10
B A A AN R R HIR [R) 1 28 A R Gk X BAREAES % 3 ];:'; t‘;i:t: EE[E?’ig(J)]
BE27T5 A (0) e B B R, 772k 7 SR LB SR e .
[27]. DRPBG MRS BBLE WL 1. Search range e[-5,51"
3.2 iR EERE Sampling frequency 100

ARSCRHT CEC2009" e H A BRI LT 19 e 18 ( Aug _best) P19 {8 ( Avg_mean) |
FIBRE (7 2% (STD) | FLAE AN F

runs

Avg_best = ; Min]"} ~change o f“‘;( t)/runs, (18)
runs "umi(:h(lnge
Avg_mean= 2 2 E f‘“;( t)/ (runs * num_change) , (19)
=1 =1
runs numiﬁhallge
z z (Ef‘“;(t) - Avg_mean)’
stp= | 2L . (20)

runs * num_change — 1
Hirp runs 2217 UREL, num_change %%iﬁﬁﬂ,{i@ﬁ,ﬂ“j( D= e () ~f(x (1)) 16 TE ¢ I P,
RS (5 4 R AL 2 1 0 B 2 20
BLERYEREE T performance 1T

number_of _leaf_nodes

performance = z mark, * weight, (21)
k=1
runs nunLCh(uLge
i=1 &j=1 Tij
mark, = percentage, , (22)
num_change * runs
S
o= (L X (-2 )/s), (23)
s=1
S =change_ frequency/s_ f. (24)
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DA EFRIRA S HRBEREL, v R B UCRAE R RIS N5 425 B LB LU AR, ri* S R BRI 2 2

AL T R A AR TE N A 4R e B FU B s_ f RRERAINR.
4 HFR50E

AT S8 55— 7% MATLAB2014b 3855 T 41 %F MPB 0] S #E AT PEREIAL. 52360y 3 364, 55—
BB, AR AR 2407 20 AE 3 N IEAEFE AR XS ARDEA Sk MR kA 740175 25 =
4y, ARDEA 5 H & 3 Fh 32 3 2 25 0 4k 8 A0 55 3k 47 s2 50 %t b, B, ¢PSOM™ JDE™! ) J& Multi-
DEPSO"™ ; 55 =3R4, X} ARDEA 53 A S HGHAT T S 808U 43 #r.
4.1 EED R

AR SCHE MPB 3R] e i) S BRI 10 5 50 FIEOL R il T S5 (F1.P=10,F2.P=50). &4
F) RS A A ST 3B 4T 20 WK BUHSE Y e A8 Avg_best SEXIIME Avg_mean SE77 2 STD iFAS(E ) T2 3
(F1.P=10) M1 4(F2.P=50). FAHE R BURA Avg_mean {HFAR B, 76 EFFH VD 355 55852
KATHAE R R R T I R v, AR RS B0 —2. S E4ES D=10 N T, BIAS R
EANER 2 R, IR A YERE RO S E A s B S 0L SRR [ 20,22,28 ]

N 3 FIZE 4 151 ARDEA 7 7 FlOR [ 2h A5 2R 85 v #2 ARDEA SHGE
Table 2 ARDEA parameter setting

RSO, b, Mk P=10 IF(INFE 3 FoR) L 7E T1. T4 . TS5
1 T6 PURNShASIREE T B 25 5 ; 24068k P=50 i (a3 4
FIi7R) 76 TO T1, T2 T4 Fll T6 5 Ff 3h 25 IR 855 BUS & 1 il &5
S BT WL ARDEA 7RI EE = R A, Rt {H7E chaotic (T3 ) Mh5g h R I R BUS Ic h 45 3. 73 4b,

ARDEA 5519 STD R85 50N, B2 LA AL T I B R OBk AT R A S PR P AT O

cl

2

S

perc

¢

w D

2

2

0.2

0.5

0.5

0.5 10

% 3 CPSO.JDE Multi-DEPSO,ARDEA & k7 MPB Uik iBf% F1.P=10 TRYMK LR
Table 3 The test results of CPSO, JDE, Multi-DEPSO and ARDEA on MPB problem F1:P=10
RN MK 45 5 TO T1 i) T3 T4 T5 T6
Avg_best 1.12E-7 5.23E-8 6.23E-09 9.86E-7 3.03E-7 4.13E-06 5.04E-9
CPSO Avg_mean 0.050 3.650 4.342 0.092 1.964 1.182 4.543
STD 0.453 4.341 7.896 0.784 5.301 4.866 9.117
Avg_best 0 0 1.17E-16 0 0 0 0
iDE Avg_mean 0.013 0.269 3.383 0.781 1.979 2.433 1.678
STD 0.453 4.341 7.896 0.784 5.301 4.866 9.117
Avg_best 1.92E-3 1.59E-3 1.09E-3 1.83E-3 2.54E-3 2.00E-3 1.04E-3
Multi-DEPSO  Avg_mean 0.005 2.061 1.043 0.024 0.281 0.012 2.381
STD 0.001 1.301 1.231 0.000 0.143 0.002 2.003
Avg_best 1.65E-5 1.75E-9 7.21E-9 1.66E-8 3.54E-7 1.05E-7 5.44E-8
ARDEA Avg_mean 0.006 4.03E-4 1.74 0.030 0.058 0.010 0.139
STD 0.003 1.011 2.201 0.345 3.143 0.904 2.723
% 4 CPSO,jDE Multi-DEPSO,ARDEA & ;47 MPB iR @7 F2.P=50 THIMLXE R
Table 4 The test results of CPSO, JDE, Multi-DEPSO and ARDEA on MPB problem F2:P=50
RS MR 45 TO Tl T T3 T4 T5 T6
Avg_best 2.52E-6 6.00E-7 8.96E~7 5.18E-6 2.03E-6 8.93E-06 5.74E-5
CPSO Avg_mean 0.353 3.100 6.402 0.132 0.905 1.522 6.933
STD 0.992 4.679 8.465 0.654 1.878 4.516 7.789
Avg_best 0 0 0 0 0 0 0
iDE Avg_mean 1.117 4.559 4.383 1.758 1.545 3.803 5.738
STD 1.053 5.891 5.786 5.087 2.675 8.760 7.458
Avg_best 1.44E-2 1.46E-2 1.23E-2 1.34E-2 3.05E-2 1.80E-2 2.98E-3
Multi-DEPSO  Avg_mean 1.231 1.710 4.367 0.466 0.876 0.767 4.176
STD 0.076 0.451 1.830 0.024 0.123 0.052 1.103
Avg_best 1.67E-3 1.51E-2 2.53E-7 1.72E-2 1.76E-5 2.13E-6 2.84E-3
ARDEA Avg_mean 1.001 0.021 1.09 0.830 0.049 1.156 4.103
STD 0.047 2.769 1.254 6.895 0.781 0.954 0.678
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Table 5 Comprehensive performance comparison of CPSO,JDE, Multi-DEPSO and ARDEA

Bk Ik pR %k TO T1 T2 T3 T4 T5 T6 mark/ % performance
CPSO F1 0.015 2 0.013 4 0.012 4 0.015 5 0.021 1 0.008 3 0.008 6 9.45 18.37
F2 0.014 3 0.013 3 0.013 4 0.013 5 0.013 6 0.013 1 0.008 0 8.92 ’
DE F1 0.014 3 0.014 6 0.013 4 0.0139 0.013 5 0.014 1 0.009 1 9.29 18.59
! F2 0.013 8 0.013 4 0.015 6 0.014 5 0.014 3 0.013 2 0.008 2 9.30 ’
. F1 0.014 5 0.014 8 0.014 5 0.014 5 0.014 9 0.014 9 0.009 3 9.74
Multi-DEPSO F2 0.014 5 0.014 7 0.014 3 0.013 7 0.014 9 0.014 9 0.009 2 9.62 19.36
ARDEA F1 0.014 6 0.015 6 0.017 2 0.001 3 0.016 3 0.015 6 0.009 9 9.05 21.19
F2 0.014 8 0.014 9 0.017 8 0.014 1 0.0353 0.014 9 0.009 6 12.14

4.2 FtLEEm

itk — 3k ARDEA L E S M SR h 25 Gk Be , 64 M9 SEg b %% ARDEA 5 CPSO \jDE
K Multi-DEPSO 4 FpEEETE 7 s8R T i — D JRFFLR5 R, Z21t mark 5 performance {H ( I
(21) ((22)) AL PEREXT HE (A1 5 7R ) , ARDEA PERE(E A A =i {6 (21.19) , 3 B] ARDEA 7£ 7 #3758
WEEhZR G rERE A AR,
4.3 SRS

Ry HARAE (RD) 2 4EHF ARDEM Z2 M0 SRS A TE S A PREE T X5 S U0 4 22 BRI i ) 1 o 25
m. b B B S AL perce S5 A HR S RUR 1 S EL, A/ NI K pere 435111 0.2,0.3,0.4,0.5,0.6,0.7
8,75 7 Mpah B IREE T X MPB 3 n) & (W44 F1, F2) P 2R G PERE IR, 4211 mark 5 performance {EH T
F6 IFNET EILHLEE, BB DLRDE Jy R BAE S . /]S Htk B 430 o i fH R 10 (FR K
) A1 50 (BRIKAE) B} pere HUANTAIME T mark {H ; 21 {655 [R] 15, S22k 7R performance 1. BYH K 5 FIZ 6 7]
DL W | pere BUEMOR  BIRHEREMILS ; [ 22, pere BUETE 0.3~0.5 Z [ A2 E.

25 F* 6 B perc NARELEEERTLE
3 2010 S Table 6 Comprehensive performance comparison
=1 i y 4
g sk Fnzl?;k:%o F"lm;lj?o ‘;Zﬁ&“ﬁ"‘é‘ {Cg when perc takes different values
S ! ’
5 ! mark
_\a* 10+ perc performance
] s F1 F2
g 5t
0.2 8.22 8.07 16.29
0
02 03 04 05 06 07 0.3 9:01 11.59 20.60
S ¥perc 0.4 9.31 12.08 21.39
25 3 5 — 0.5 9.05 12.14 21.19
B 5 5% perc BIAE{E mark 5 performance 14 8E X7 H 0.6 3.56 13.07 21.63
Fig. 5 The performance comparison of mark and performance 0.7 6.99 13.56 20.55

when parameter perc takes different values
3/
5 #hie

AR SCE WA e A AR AL S SRS ME LA 280 -5 0 B e s DL i 1) TRt ) 1 — o 1 5 107
164" B AL S (ARDEA ) X ShAS BT AT 0. 125510 R I 22 P e SRt Xof e U0 EAT BB, 3 o o
HEICAUNL ghesty A1k B35 MW A3 (sentry ) X FREE AR AL HEAT B AS ML 5 [RIISF, 51 A —Fof 22 00 1 i 2 J3E BE
N VD) MR RS AT R  BRICZ A0, 0 RUERRE AR | DL 7 R R OR AR SCH
T A HE R SRS TR SR TR M AR ] 124 1 PR B A W A e ] B 2, X TR L /N P A1
FifEiE— P35 hill-valley pRECHIE PRI RHE R X BUS 5 B S, I DR H B DX A 25 241 Pl e i o5
S A B 9 e (RD) BEFTRI AR AL, 37 BIUR 8™ A2 B 5 FREERE T 400 - A B 7 KB T T AR R, A
T PRAIE RS AR R 3 RP SR R ER S S i L (E A RE . B AE S AT PR BERLIL Y 3 Ak sh 2D AL 300k R i VR ]
TR S ]S MPB) X H S 45 5 B ) ARDEA 505 75 sh A8 I 855 vh B AT R0 BR R B IR A, S5 LB
PURSAA T 5, R BH Hh i F) 5 A2  RE BO

AN b — 2L i 5z LA SR ARDEA BUA S0 I RT3 B AR R AL 23 A , BEIS TR 380k
A, BN AE SN, DA S PR AL rp A 3T T 6.
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