BHSRE

Control and Decision

ETHE RBH LR 5 B R BRI
WOUH, @), TR

51 HASC:
HOOCH, W), 0o, TR BESR it 210 ) B I s AR A 0. 50 S5 03, 2020, 35(3): 740-748.

TEZRIR]IE View online: https://doi.org/10.13195/j.kzyjc.2018.0591

BT BRSO HAB S EE

Articles you may be interested in

FET RS B U DA R R A A
Distributed event—triggered algorithm for quadratic convex optimization problem

PR S5 2019, 34(8): 1635-1644  hitps://doi.org/10.13195/j kzyjc.2018.0080
235 SRS 2 e ARG BUTE ik

Distributed optimal formation shaping algorithm for multi—agent

P 54 2018, 33(11): 20042008  https://doi.org/10.13195/j.kzyjc.2017.0843
Z IR ARL M R IFAT o A PR

Parallel distributed identification of polynomial nonlinear systems

Pl 5HIK. 2016, 31(5): 889-894  hitps:/doi.org/10.13195/j.kzyjc.2015.0285
— gl AME B ARG T B A B AR BRI 51

An object tracking algorithm combining spatial information and sparse dictionary optimization

54 2016, 31(12): 2170-2176  https://doi.org/10.13195/; kzyjc.2015.1489

o Ak 22 U B ) AT O R TR AL SRR O TS

Improvement of quantum—behaved particle swarm optimization algorithm for high—dimensional and multi-modal functions

P 53, 2016, 31(11): 1967-1972  https://doi.org/10.13195/; kzyje.2015.1132
— i B AHPAS—BCA MR M 1 Ak v

Optimization method to improve inconsistent comparison matrix in analytic hierarchy process

P 5P, 2016, 31(11): 21062112 https://doi.org/10.13195/j.kzyjc.2015.1141

SRAERBUZ LRI A ]S = AR S AL 3Rk
Hierarchical wind driven optimization method for solving bi-level programming problem

Pl 5 HK. 2016, 31(10): 1894-1898  hitps://doi.org/10.13195/j kzyjc.2015.1184
FETR G WS B RUR R 2 SR AL S

Dual population constrained optimization algorithm with hybird strategy

PR 55, 2015(4): 715-720  https://doi.org/10.13195/).kzyjc.2014.0223


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.0591
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.0080
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2017.0843
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2015.0285
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2015.1489
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2015.1132
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2015.1141
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2015.1184
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2014.0223

W 35% 55 34 = % 5 & K Vol.35 No.3
20204 3 H Control and Decision Mar. 2020

XE%HS: 1001-0920(2020)03-0740-09 DOI: 10.13195/j.kzyjc.2018.0591

E TR e ks ARE BB ERMUTEE

FAEL? ML, ARE !
(1. RERF B ERPE SRR, B 2016205 2. 3 M4HMVH AR %07 ML S5 B0,
W 3524 314036; 3. JLEFEE K IFHHEER, H/REME GU2TXH)
W OE: BB A A A S C T AR U 20 SR AR [ R, TR AR AR A TV, B — AR R A R
R A ] R0 B S A PR B, 1 2, P 40 R AR A A 3 T R B, s 20 ARG ) A B R TE 24 SR A il R SR )
K FH AN 43 B R B D WL A3 S VP bR 5, 8 o 5 S 0 U 0S4 L, B2 T 24 SR ) A 0 I S AR AL B
. DM AT 48 )5 22 1) M RN TS S5, W SR AE 2 L S 80T BEAT MRS B 20 A, 5 SRR B 1 P Hh BV E 0 2
P, 25 BT AR LY N6 ST 8 1 R0, 8 H T EEA 1) ok R R S R I — AN B BT R
X8R S B, REIRE R BRI ZRb
FESHES: TPIS XRAFRERD: A

Robust optimization over time for constrained optimization based on
swarm intelligence

HUANG Yuan-jun*2, JIN Yao-chu*', HAO Kuang-rong"*

(1. College of Information Science and Technology, Donghua University, Shanghai 201620, China; 2. Mechanical
and Automotive Branches, Jiaxing Vocational and Technology College, Jiaxing 314036, China; 3. Department of
Computer Science, University of Surrey, Guildford GU27XH, United Kingdom)

Abstract: As constrained optimization problem can not be solved by existing robust optimization over time , this paper
proposes a new algorithm for robust optimization over time for solving constrained optimization problems based on
swarm intelligence. Firstly, a penalty function with constraints is constructed and the constrained optimization problems
are processed into the unconstrained optimization problems. Then, the algorithm of robust optimization over time for
constrained is designed, which the piecewise function is used as the fitness evaluation function of the particle, and the
particle is selected by the competition rule. Finally, The proposed algorithm is evaluated and compared under different
parameter settings for optimization of the performance of a carbon fiber precursor to demonstrate its effectiveness.
Furthermore, the influence of AR model on the performance of the algorithm is analyzed. It is pointed out that the
improvement of the prediction model is an important way to improve the performance of the algorithm.

Keywords: robust optimization; dynamic optimization; robust optimization over time; swarm intelligence algorithm;

constrained optimization
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Bk [24] 0 BEE Be AR AL AL R 3h A5 A4k 1] R T TR
I ZRIR. AN EATTAE SR T 29 R B AR A 1r) /9 X
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max f(x, a(t)). (1)

gi(x) <0,i=1,2,...,¢;
st. 9gj(x)=0,j=q+1,¢+2,...,m
hi <xp < pk, k=1,2,...,n.

Hr: fRNERREG g:(2)(i = 1,2,...,m) NLHRK
B m NLIR KB SN e AR R,y Nk
iR E, Pk = 1,2, nn NIRELE
MY S = {z € R < = < ik =
1,2,...,n} NERZE; D = {x € S|gi(x) < 0,i =
L2,...,q,Ngi(x) =0, =q+1,g+2,....m} N
) @R ) FTAT I8 & € D il @) RTAT ifs o () i3
SR ¢ 3R S BRI I R AR L 5 AR A A DA
AR FE TAE— RT3 ABE oo(t) A R A AR R
— AN %, HLAE — B A (BRR Oy — AN N DR FEAS
. PRI, Zhas H bR o ET DL IR B — R AR R
Kk RSP R S 511013 B

(f(x,a1), f(x,2), ..., f(z, i), ..., fm, ).
)

HA (i =1,2,..., L) RRIEE i DR RLRFEA
RIS, LN AR (BRR S A EEA50).

ik 3 (1) IX BN A A ) e 502 R A
PREFAEAL: BI— H 2% o(t) (AR A 5) 2B AL I, =38
B f(x, o) BB s> {H A2, X Py v R Bk R
T b R B A — AN R 1) AR AL, AR R 2T
e HEAT D48, 3K A FAE SEBR R Had 3| 1 i) 2418,
1.2 FHEEHEMKL (ROOT) Ei

R o IR R ER AT A () 1) £, SCHR [8] H LA 4 1) A
FE#2 T ROOT J7 2, 1 #3 5 A fift /L 1T RE L AE 2 A
B A SR I8 R A, DL/ A 0 U 4 O L R AR
ROOT A8, STHR [10] 44 i 19 458 A I 1] (=P A8 A7 I
]) 78 SRR ) S Fe 1 (BURR B M), B

R(x,t,0) =

Oa f(wa al) < 55
max{l[t <i<t+1: f(x, ;) = 0}, otherwise.
3)
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ZIFFG6, W 2 AR f(z, ) > 6 Fixax RE4ERF
IR ) B (BB N0, 0 O (FH 45 ) SRR UAE, |
B TR B EOAR AN ). T2, e & H i
A B AR L
max R(x,t,0) or min — R(x,t,4), )

HIEs R =¥ SR PN P A8 o7

2 ROOT #k 3| & ¥ it a, 47 JL0F L (¥ & B 1tk
R(z) = | = L, IFRYZMREE H T 5 A i
BB, KR PAT— &t e Y T &
i, LB R() = 1 = 0, MR ZMEAELEE:
YHT S AR AR A, 75 L I B Rz A, X AT
PRERAL; BRIV G0 < R(x) =1 < LMFER
T W D). DAL, I 3 R AR A A B R R R R AL
S PRI A 27 8] i — B 2L AR AL 7 V2.
1.3 ROOTEEIEZR

K145 i 7 ROOT 5k HE 28, & AL 45 3K fif 2=
(solver)~ fifit1 %% (estimator) A& ¥ E (database). & HJ
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Sk Zr RS B SR AT T s 4
8 2 F A S AN TR B . 3K e H A T R T 2%
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solver

| initialization

Plx)

| database

|
([ historical data
L

|

|

: |

predictor current data I(— I

/ |
|

- |
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"+ future environment-
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results

1 ROOTHEEHELR

S REANBE I AR I B BOEIIG AP RE P () )5,
DA PR A P AR 3 30 52 D1 B 5007 Al B A4 . HH
KQWEBEEE LEUTHE T E 14, =
te,l = 0FRIN [y, a(t.)) 75 AT ZIFRET), AN 2
flziat)) = 6,z NEEMENR(T,) = 0,4
W flz, at,)) = 6,0 x; #iT estimator ff 115
ZIRI Y R(x;) = 1. VERR: 7F estimator B [A]
BRIl = |+ 1RRENT B Z T — D
5R). RSB 1) R, R RI Z 24 a(t) 2 B A 1,
AR AR BARREL f (i, ce(te + 1)) IRAESRAF, PRk
@, TE AR Z 1 B A o 208 18 1 predictor Tl K15
Fle, aulte+ 1) HARE ELSLH f (i, ou(to+1)). TR
R G hith HZ M &N R(2) = 198G, B
NI (selection) AL (evolution), H. 2 E3E LA EL
2% I (termination), 1% [B] Fz 0 & 4 g B HARF A AT
HICHR[10-12].
2 HARAEKROOT 8%

LA ROOT S FU#R 2 S T A SR TE L 5%
A B A TR] R, R, I FH B R SR e vl 858 (1) 3X 2
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2.1 ZRALIE

3R AE (1) X707 29 A ALA 0] 85 (1) I 5k 5 A
fife, A3 e K (1) A A SR A B — S T R A

Vi) = 3 max{gi(@),0}+ > lg;@). )

J=q+1

HA:max{g;(z),0}(i = 1,2,...,q) BnxEH i
ANEXLRWEREE, |g;(@)|(j = ¢+ 1,¢ +
2,...,m) XN MR8 j N AE L R SR L, 1
BV (@) Fon B HEARE. B & e e DI
AV (x) = 0. RMXIA LA & % 7
FEENRBINSHN, &I RS H R R EAS 2~
A

Q(xz) = —R(z,t,0) + \V (), (6)

T A 24 0 I L2 A, R TG 240 SR )8, P4 TC 2 SR
TSR 1 3 AR S e MU AR AE TR A=, T
LA (6) T — R(=, t, 8). {HA2, $1 BT Ik B — A
ST M A I B, ) DR RN, o DA AR T AT 0 R OR
K, 2 B B U 2T,

Rk G DA b 0] R, AR ST 2 A R R BRI VRAN
W HEAHLE] FEAEAL H bR iR 5L — R (e, ¢, 6) AT R
BV (x) 708, R — o Bk 3

. _R(myta(s)v V((E) =0;
Fitness(z) = (7
{V(w), Vi(x) #0
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VB RRLF 13 B VEAY bR S, 38 57 5 R0 0] 57 346 et
T, BT SRR 240 JR I 8 (1) ) Sk R R A B, R (7)
TR B TTRELV () = 0, WKL 75 7E 147 X 45, A
—R(z,t,6) NIERLE; 45 TR V(x) # 0,1k
WAEAE AT IX 38, LAV () FIE R,
22 HiAEI

PSO SRS 54T 5 1 58 B0 AT A 1) — T L 284 1)
TR B 00 S92, 2% SRVl IR 7 i 2 [R) 1 B gt
PR AT IR R SR, BA R A 55k
B RS D SR S R L, AR SCR A PSO Atk
a8, 456 UL I 20 SR 7 VAN G SO BRI
S B — PR A 20 JRALAL 0] 7L ROOT 0V, Uit
T D0 2, LB AO P IR U

1) WG AR P(x).

2) RAEXG) HHEE MR TV (x;) 4.

3) AR4E 2 (7) W € BT 1) fitness ().

4) R fitness(x; ), BT J5 SC4h I HE 20% H
BEARKLT

5) BT R 4 R B R 5 AR 7 B

6) IE AR AR T &1k 2, KR HR g5 8 S,

PSO VT
initialization
N
>

P(x)

—_—— e e e

_—————

historical data

j fimess(:cr): V(x)

predictor
/(X al +1)

|

‘ ! |
o current data |
|

|

predicted data

I1=1+1

fitness(x;) =—R(x,)

selection

evolution

gen=gen+1 N

Y

E2 SKEETLRMMAEMAIROOT BLRTE
i1 ORET A FRMRA B ROOT F5H7%.

input: 6 fl ee(t) 1/ AINZSHL

Teturn: Tapest // IR IR E .

1) np,w, c1, ca, gen /| B B HIESH

2) for: = 1tonp

3) particle(x; ) < WIEARHKL TR AL BE AN KL T

4) X phest = x; M WIIAN RSB AUKL 1

5) Tgbest —IEBEHE T (x4 phest wgbest>//ﬂﬁ?£2

6) end for 7

7)indx =0

8) while (indx < gen) // #1414

9) fori=1tonp

10) v} =wv] ™" + 01’71(333,;1;“ —a] )+
C2Y2(T g — 2] )

11 wi :mffl —I—Uf

12) @] o IEFEE T 20, 24 prese// EHRHR

13)  Zgpest %f@?%ﬁ%%,pbcsmwgbcst//ﬁ%ﬁé
FiA

14) end for

15) indx =indx+ 1

16) end while

IR R, B 1 A W T EEERAR
fith, FL 55 147 A0 K/ np, R A5 PE AN E w, s
K5 o1 F co, BEALARES gen S5 S 8N E. 331780
XPAREANKL T HEAT WIIR AL, B8 547 h e R 05T HAR LA
22230 LERL T, 3% [0 BEAR ). 25 8 ~ B 16 1T3R
ANIEARTE R 7, I R 28 1 SRR, IR LR AR AR, 28 10
AN TLAT J SE R AR RL T A AN B, 5 12 A2
1347 il e P57 SR R AR AL L 4 R s kL 1.

B2 gHHET

input: 1, x5 // PN 55 F kLT

return: Tpeprer // 12 B4 HRL T

D) if V(z1) = 0,V(x2) = 0 and —R(x1,¢,6) <
—R(x2,t,9)

2)  Tpetter = L1

3) end if

4)if V(x1) =0,V (x2) >0

5)  Tbetter = X1

6) end if

7if V(1) > 0,V (xz) > 0and V(xq) < V(x2)

8)  Tpetter = T1

9) end if

X T EBEE P REREW R 2, 20 € S, 4
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AU FERZ — RO, Wy T 2o 1<23<2, (13)
) #xy,x2 € DH—R(x1,t,8) < —R(x2,t,9); 2 < 2, <6, (14)
Q) #ix € D,z €S\ D; | <o <13, (15)
3z, €S\ D HV(x) <V(xo).
24t T R ST D AU, Fooh, L 1< 26 <25, (16)
TLEIH E B E — R, ¢, 6) [ TH5 L5103, Sl . at) IR 0 — sz s 2

k3 IFEMAE SN

input: x, ¢, §// TAINZEL;

return: R(x,t,8)// IR [ 45

D)1= 0,t. =t/ HIGHACKTTRIFE 51 1, ¢ 9 24 AT

2)if f(x, ot +1)) =6

3) l+1l+1

4) repeat

5)  updata DB// DB J4if i

6) f(x, a(t, + 1)) « predictor(DB)

7 L L+ U ERBEI R

8) until f(z, a(t, +1)) <6

9) end if

10) R(z,t,0) = 1 // IR [AIfif = (1) EFE

B3l T HEEANMREEYE R(, ¢, 0) 11
Dy ARAS, Hoit, = ¢t RN MR, 1 = 0RARHIUR
A Ta) Fi 51 ARan @, i R 2K AT f (=, aulte 4+ 1) = 6,
WL 1+ TR T — B Z1 GO 1 3R 5%). v
TS~ HITRAAWH TR « 1+ 1,HH
fl@, a(t, + 1)) < §A1E. BE&R BIREA R o & #
Y R(x,t,6) = 1. RIARKREZI f(x, a(te + 1)) &R
ST, 5 FH P s B 4 g T 2% (predictor) TiUM H
PR 1O (B 5 RS 647).

3 SRR
31 IFEsesl
IR SRR A SO, A DARRET 4 4 22 3 F2
(1) 24 LL 5 iR 22 10 R 2 18] (AR Ak A . 3 v, - 53
Gk & RN I L T 4 R 22 T2 B 3
7, AR SCHR [32] PT A B a0 () = 0.364 16 i 7
i1 EL 55 D5 22 1 i 2 [ F B 2 A A
flm, a(t)) = at)x" e " (8)

14.28

s.t. 0.372% %% "= > 10, )
6

10<a=]]as <18, (10)
i=1

1<z <4.5, (1)

1< 20 <2, (12)

b, zi(i = 1,2,...,6) N&HIKZ Mﬂtt iﬁ(9)i%/TLﬁ
UK Z 5 R A b2 18] 5¢ R, Ho B R SR R
KT 5T 10; 20 (10) R S A A B B4 i) 72 10 ~ 18
FE; (1) ~ (16) Kon & Fa= i LR A — & Yo 1)
BRI SEBRAR =i B R, D 22 1 1 e I 52 B A il ) IR
P AR AF PR T T | A e ) B DR 2K I R g 321, 3K
DRI 26 BT 3, # 2 s Wi A2 28 2 B 1) A8 A, AT P Bt
S o(t) KR UL B S L5 R 22 1 5 2 1) 1)
KA NG AR, XE— M AR B A A
R, TRk, ] SR A SC T HE ) I 3B R R A 7 vk
ALIEL?@ 0, RRAIE S5 22 1 R f (2, au(t)) = 6(6 N

F455E) BRI BIE S ST EE TR AT e K A
i (0 — AN hr A B 7 . BT BLZA AL 17 /8 B s R
A N max R(x, t,0).

B3 FEEHIZRIER

3.2 LWt
1) BB L5

€ [0,120) H#%

a(t) = a(ty) + 8 x N(u, o) (17)
TR A T 120 R I BN 4k, RIZE &R — AN LB %
RAE— KRB IPNAREL = 12035,
i BRIRABNEE, N (1, o) 272 A2 IR EIE A o
PRiE 22 o B IEZS 73 A B BEHLEL, SE3e H L a(ty) =
0.364,3 = a(to)10 %, = 0. VE: LI M &E 52 5%
TE ST B4 )8 A 75 8 BOKR R, B HAS 25 X
AW E RS A IR T2 . MR 45 ik 110] LA
t = 16 (HT 15N ZI/E Ay s Z), 72 A8 i 3cds 1 T

5E 3 (8) T 1 2 B AE I [8]
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MG TR AL Bt = 100K KA £, o) 24T
B 2] (RE B A B 220 30 2 AR 3R A9 S T HR AR R
fr A, T IR SR A RIS R ISR A RIOR.

2) TEREFEAR. K SCHR [10] € AT Fia bR R VF
IR

1 X
P:R:N;Ri, (18)

Hrh RyRIR f(x, o) TR DI BRI S M. JF
N SRR A 75 LE AT AT S N AT R 56, b ic i
1, W4T,
C = (19)
0, AERTATA.
3) SH B E. PSO FIEFIFEE K /Nnp = 50, %L
FHR R E w = 0.298, IE K ¢, = ¢ = 0.496,

SRS

HRAEANF SRR G = 4.4,6 =4.5,0 = 4.6
M UHEZ LB FEE) o = 05,0 = 1,0 = 1019 Fh
TE LN 2 BT IE AT 30 IR, % S50 N HIE ke 1
BARYEREFRFR Rygge s Ry L E R ZE e = || Rygs: —
J& 7KF-0.05 f] Wilcoxon #k R4 46, X LA [H] 6 AN [H]
50T B4R AR AE, Fo b i i AR 2 R 2R, % A ) o

3.3

ANIR] 6 15 LT B AR FRAE, e o d5 i AR ). % B A
A MRS ZI3R1S A 1 vl AT AR i C R (19) A« fif
1PN Ryges Ry M #E R % € = || Rygs: — Ry
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