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Parallel PSO Container Packing Algorithm with Adaptive Weight

LIAO Xing YUAN Jing-ling CHEN Min-cheng

(School of Computer Science and Technology, Wuhan University of Technology, Wuhan 430070, China)
Abstract With the arrival of intelligent manufacturing, the intelligent packing of product or container in the late pro-
duction line has become an important part of industrial production,and how to get the packing results faster is also im-
portant for improving the production efficiency. Mainly aiming at the rapid packing, this paper proposed an intelligent
packing algorithm for industrial production line. The algorithm uses the adaptive weight method to improve the particle
swarm optimization algorithm, which has a faster convergence rate than the traditional heuristic algorithm, such as
standard particle swarm optimization algorithm and genetic algorithm. The calculation speed is greatly accelerated by
achieving high performance parallel computing with GPU acceleration. Experiments show that the algorithm proposed in

this paper can also get very high space utilization rate,and its convergence speed is faster than the traditional algorithm.

Keywords

1 3l

il

AL %4 0] 51 ( Container Packing Problem) J& i1 8 #l 27 Fl 45
Bob iy 2 R —  d e — > NP OER, Gl AR M 3R 749 5K i
Z IR ST . BEE Tl 4. 0 I RE & R 8 Bk,
TE TP A= 7 W T 38 i A U o R A 7 Y S A B | AR
HE TR RA AR R AR A E Dl 2 B R R 2 s h LR
B,

BT, B NANE BB Z A . BETRZ R A E5k
S e g R IR Ok AR A T U . Ngoi 4 AR Bischoff 4§
AP AT —Fg £ B IR IZ AL = T — s
FEIHIT . Gehring B AW IEFHME S SR T —Fh st f%
Hk. Bortfeldt AN i — B4 8 T Hepy & $2H T — b
SRR S BAER L. Moura 5 AP T —Fp 3k T

F F H1.2017-06-19 & 1& H#.2017-08-31
Bl 54 (2014CFB836) %l .

Intelligent packing,PSO, Adaptive weight,Parallel computing, GPU acceleration

T A ozs )R B0 BEOHL A IR N R R 30 & GRASP,
Bischoff £ )2 By 3l b, 421 T — A0 3L T4 30w Bk s &
AE, RS A R FREHNY T R T M2
A R I RE T RS AT T G A RO 28 o) R R A
T — A R EA XM RA R, U ERRSAERLT
P09 2 ) AR P A B R gt 4% B0 102 A R T =00k ) i St A
Toik e Tl A= 7= B P AL 2K

ki 7B MK (Particle Swarm Optimization, PSO) %4 % &
— R TR RE Y 2R BN RN B R AR Z A
A A RS 0 R R 38 A AR B TR R b A B R R Y
AT 4 gt PSO B3k i FHRALRCR B B, i Sl B
P R AR B T2 . (AR FR i PSO Bk e #E 1k
S5 A G B e L 22 e L B N JR) B A5 0 A7 o AT o B 2
st

ASCZE R A RFEHE I 4 (61303029) , 2L F ¥ F 2% [l [ 5 2h 3k 4 ([2012]1707) , Wl L4 H 4

B B994—) B A, EEAF o8 RE TR MRS 2% 2, E-mail: crazyurus@ whut. edu. en; =& (1975 —) . &, # 4%, i+ 4 i,
CCF 22 51, FZHIFT 7 0] Ry 2k @+ 5 HLES 2 > B2 9 - E-mail: yuanjingling@126. com Gl 5 1E %) ; BE B3 (1990 —), 55, W L 4E, FEHF

J7 ) R HLE2F 2 B 2 98 L E-mail : wester589 @ gmail. com,



232 AN I A =

2018 4F

AR SR ] 8 AT B 1k WA SRR B 1 DA AR ME PSO Bk 5 R
PR L AR T — AR L . FE TR T .

DBk b PSO Sk, sl 51 A A & R ACE , 7T Lk 4
PSO $ 3k FL 2, Wi Bk H R 8 e

2)LEIATIE PSO Fk . etk iy PSO B ik #E 17 9%
84, IR GPU i 17 PSO Bk M8,

S5 TG G, Wk JR 0 5 R R RE AR AT AR 4 1Y 23 [)
FIHIZ It BTGB,

2 iE) @R

A BRI TR — E N F AR T, B
T 2588 1) 25 DRI 50k B f sy . 2R A ol AUk g T S )
OEE SNl e N T o 0 L A A 7 N Vg T = I N
HeAk AR A B AT . oKl 2 AN B2 T R A0 al A 28
I 45 T AR R B0 3 20T — A T = A [ R 1)
M AREVE B R EI R RS R AT R, A SRR T R
AL = A A ], R Sk SRR AT

B — A C R —RANF R R T ES . A RRR
AR K TR, R CHMEN L. TEN w 55N A s
B v="Lw.h BT b KN LT w80 b A
WA v =>Lwh,, WA

C=(L w. +h.)

B=1{b, sby s+ b, }

b=l s, sh;)

W F R BH—AT5H.ELFPrAMTRRBZ Y.

V= 2 v,

b EF

FESLFAR F X Rz A Z R Ve /V, R HAr 2
M B 8 — T4 F #4558 8] ) SRk B R K, 9F B 2
LR %44

DIER M C AT T b, € F WA — AN E

DTERD T B WM FHAES;

DA FHMFEHEEEC P,

AN S AR Tl A = Y ST PR B R SR B T IR AR
Ak

C1)J7 16 #E 29 B (Orientation Constraint) , Bl £ % 8 B %%
BRI, HAJE BTG T DR R R R E
XTHTFHE . RESTURERE . HFAEXTE2LH
— ] LA B .

C2) Fa 5 M 29 %K (Support Constraint) , BI i F 19 2% 2 &
MR E WA PR DA T A 3 I B E A C 2%
WINAEFAE R,
3 RERBEEE
3.1 #r#E PSO Eix

B —4~ D #E i 48 R as oA — A8 N AR R T
BETE AR &M T I 2R i, BNk FaE 34 D 4
& s B Ak R WV, = (V] V2, VP ] B W)
B X ={(X.X,-, X"V MA G RN EmNE P, ={P!,
Pl PP EFE S R A5 H] vh, — AN B 1] & ) A 4

of o - R O A i 1 — AN E L e T 2 AR I 3 X )
FB Y — VA A, ORI N RE T LA A PP i A5 A
B B AR oA EAT TE B SR AT L 3 N DR 1 R T 1
B, RENERETHFESNEE Lad My,
S OB L R A T = o O VA < S S [ B OB = AN O
T T N 5 B 4 R S5 O A6, ROV FRE R SE R A SR A A R A
BF AL E,RRA Py={Py P., P} . —RFIH
RS H A T R R T A PR 36 SR AE L TR U 43 el DA
P AR

Vi=oVE T der (P =XV D e (P —XED

X=Xt 14V
Horpr ke R ERMRE G AFBEPIEE i DR F 0 2B
PR FoR BT 2 B SRR B, B RE S TR R T Y AT R
L T F R T8 00 A e, 2RI, 40 0 R kT
ZAR R RN 2 50 R AR B s AT SR 0L DB N
B REHLEL PE BRS¢ AR F A R Bt B 5 Pl R kT
AL A R L X R MRLFAESE £ RN E .
3.2 HIEMEM PSO &k

SHAb UL B A L PSO Bk R A fE Rl 4L &
SN R . BRI MR R B 2 R R
T EL 2845 W5 AN B, 3 26 R SIS0 S5 A T RE R JR AR /IMEL, 1 T B
B R AR AIMEL AT SR N 1 — AN . S T PSO Bk B R AR
TN 5 W Ny R S B R NN P R D e
HFFIAF PSO Fkh, 51 AL LS80 7T LUA AU
FEBMML, HIEMAER PSO ik mF R E 1 s,

EREETY

M J 0 B
FEREER
R E

HTHREREEER

X

Bl 1 &R AT R PSO S i
Fig. 1 Flow of adaptive weighting PSO algorithm

v B A 2 PSO Bk B9 % 0 2 80 % B8 12k 9 Wi 8
PEREA EEF IS, Gl A PSO 5k M B —Fe 2k Qb gL
DA 7~ b AR 92 B AR A AR 0 R A9 32 Bl R 35 ok B A M
R AR TR AU, 2 I AR, AT L R AR
T AR RO T e O RS P )R 1 R A R AR A R
REJT . BRI R A 50

 twmax ™ @uin )
Lmax

G SR AT R Bk R A AL AT R FH BB HL A o Sk 35 B Al R
w=p+o* N0, 1)
{ — Mmin) * rand(0,1)

W= Wnax

2= ptoin T (hmax



53 B

L5 — R S N ACE BT PSO R

LEEE KRS 233

G 45 R 7 7] LS Je A0 Ak 2 ST TR /4B R R
Wi o L BB AL

VE=QLaVE  Feorn (PP =X D) Fer (PL— XD ]
Horr
B 2
2—C— J/CT—1C
C=c e,

GIAZE 2 53 1 [ AR AT LA /IMB PR B 2 IR . 22 3] I 1
TR AXNT

k(Crmax ™ Conin)
R inax

C1 = C2 = Cmax

Hrb e BBSHEF.
3.3 FHITPSOEE

PSO B EFE T+ A S B IFAT M FEAEMAELT 34
Ty

D SBURL T AR AL B 5 3T A R 19 f A 7 B 15387 2 O
AT

2) b T 4 e o7 B DA T R R IR AT Y

AR —ARABE L R R I AT Y

H AT, PSO Bk 5 TIRAT I iE &l
JnsE

HRAE PSO B35 09 I A7 4R 40, 48 SCR FHRL > 14 0 2 22
NE R S mE R S GPU IR AT Mk 1T 5, B iEE 2 1
GPU @il 580 40 [R]85 1 46 A2, 9 Sy 4N R 43 T 2 7
Wz, AR AT — AR F 0 S0 R AU GPU
THE 0 AT 22 4R B9 3 55 s 1) 45 S — A R B 3
SREA) AT ST A . B 2 R T GPU MR T B
BOIEAT ISR,

Wt GPU 23

S0 & HN-1

Lefa[-]m]-JoT ][]
\-..__._-——-.\,-——-___._-/

AR A E

int pyy = block[i].x * dim.x + thread[i].x
if { pig < pnum)

X_new[ py] = X_old[ p] + V_old[ pi]

¥

| BTCE AR Y |

B2 ETLREIFTIT R
Fig. 2 Thread-based parallel execution process

Hop N, 1R A LB N WL EEN 1. CUDA
PR —A wrap 5 32 MR ALK 32 bit, Bk GPU
I3 7 hall-warp NIEF & 32 bit * 32/2=64 Byte; p, 8%
TR I LT 5 BT 5 P, IRFRL T B N AR R
3.4 HMEZE

AR T = A3 ) 4 E R AT A

T IR BEAH Z 10, 1 e B R A ﬁ:ﬁiiﬁéﬁaﬂﬁ*aﬁi [

AT IR BT e BTG T A RS, R ITRay, |
Se N B A AR R 20 e AR A R N A — A R E
BASSEIE S ZE T AALE RSP 3 A, B
] A 2 o) R 2 6] A0 3 B . =22 I DA R 43 31 45 i), —
5 TR R TR A 2s (RS T RE R A R B e s ] R R

T — 5 SR/ AR KA T B R AR R R,
TN ZAFE iR 3 A28 VR O XY i 1Y B 4R A,
A %E 2 A AF F I X #I R L A BT 3 AN A A, AN
HE LRGSR IR EEA B F2MEARRE
A A

rag 1 45 fa]
A G e ity
HEE i |
I
T Lol
————— x
\ ]
hr g_%ﬁ(' 'Mo(.
? A
&l 3 =5l FUR B

Fig. 3 Division diagram of three space
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Table 1 Comparison of spatial utilization of three algorithms
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BR1 0. 940 0.930 0.935
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Table 2 Comparison of space operation time of three algorithms
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