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Heuristic One-dimensional Bin Packing Algorithm Based on Minimum Slack

LUO Fei REN Qiang DING Wei-chao LU Hai-feng
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Abstract The one-dimensional bin packing problem is a NP-hard problem in the combinatorial optimization,and it is
extremely difficult to obtain an accurate solution of the problem in a limited time. Heuristic algorithms and genetic algo-
rithms are the two main methods to solve the bin packing problem. However, the results obtained by the classical heu-
ristic packing algorithm are very poor in extreme cases. The genetic algorithm is prone to generate invalid solutions in
the process of solving the packing problem,thus resulting in large amount of data to be processed. In order to obtain the
approximate optimal solution of the packing problem, this paper analyzed the current packing problem algorithm and
proposed a new heuristic packing algorithm. The proposed IAMBS algorithm uses the idea of random to search for local
optimum by allowing a certain amount of slack in the bin-packing,and then obtains the global optimal solution of the
packing problem. The allowable slack can prevent this algorithm from falling into local optimum.and has strong ability
to discover global optimal solutions. 1410 benchmark test instances from two sources were utilized for the experiment,
and the optimal solution of 1152 instances were implemented by the IAMBS algorithm. Experimental data demonstrate
that the IAMBS algorithm can effectively obtain the approximate optimal solution,and it is more advantageous than the

traditional classical packing algorithm.

Keywords Bin packing problem, Heuristic algorithm,Random algorithm.Monte Carlo
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Table 3 Results of MBS and AMBS on Binldata
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Table 4 Experimental results on Binldata
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A hhm emmiR A e
NFD 0 720 720 1.3502
FFD 546 174 720 1.0497
WEFD 442 278 720 1.0537
AWFD 163 557 720 1.0663
BFD 547 173 720 1.0497
MBSL7 252 468 720 1.0645
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IAMBS 669 51 720 1.0459
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Table 5 Experimental results on Bin2data
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NFD 59 121 180 1.1271
FFD 236 244 480 1.0315
WFD 213 267 480 1.0336
AWFD 1 479 480 1.0806
BFD 236 244 480 1.0315
MBS 125 355 480 1.0829
MBs'[8] 247 233 480 1.0264
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Table 6 Experimental results on Bin3data
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NFD 0 10 10 1.1711
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MBS 0 10 10 1.0594
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IAMBS 6 4 10 1.0198

# 7 SCH_WAE #4550 45 31
Table 7 Experimental results of SCH_WAE

SLHE & LA iR & -

¥k M B RRMAE A &
NFD 1 199 200 1.0622
FFD 1 199 200 1.0614
WEFD 1 199 200 1.0614
AWFD 0 200 200 1.1069
BFD 1 199 200 1.0614
MBSt 25 175 200 1.0574
MBs’ L8] 32 168 200 1.0513
AMBS 98 102 200 1.0356
IAMBS 146 54 200 1.0289

8 AL BB O A R 6 O DA R B SE A 1L

Table 8 Number of known optimal solutions and average

competition ratio of each algorithm

% ZitLAC mat At E ZiTHESR

NFD 60 1.1776
FFD 783 1.0541
WFD 656 1.0556
AWFD 164 1.0850
BFD 784 1.0541
MBst7 402 1.0660
MBs'8) 912 1.0492
AMBS 1005 1.0299

IAMBS 1152 1.0263
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o2 i & SR LA K MBS 83, R SCIR HE A TAMBS B ik
A LAZRAG 1152 A4~ B & s S A i . BLA BOR M 3A8 & R S ik
ASEiEDA

TAMBS 5.3 5 T REHL 1% 3R A0k, 501 50 30 doe A Aot 114 4B 26
SRR BOR AN . R R £ 3RS R
i 40 ABE 25 3 R, R O AR SC i 2k AR B4 SR 10, 20,
30, LHAE AR 9 Frd, g R A Binldata 24 5 2 %
FRURBIOHE B, 3 A5 3T AL B A A 1 A 3 K,

F O EARKER TAMBS 5256 25 3L 19 5% i
Table 9 Influence of iteration times on experiment results of
TAMBS algorithm

5 LI KERAL R WK BE 3
) = = B wEH

10 669 51 720 1.0459

20 683 37 720 1.0432

30 690 30 720 1.0389

BEWIE A PSR — A PE R HL & 40 04 R) A 7E LG

NS PR BL A BT — R B REE . AR SCER I T — Bl T REALAL
st B9 2 R A B O T I S R R A SCHR B TAMBS
SRR X i R A IR LA T 16 e i 2 LBk DA B MBS Bk L X
TR A A BRI RS R R BT T LA RO 4R
) 224 A ) R ) e DR o AR T I A B DG R O M R 55 8 AR
BRI IEARSC B Y 3 AR B A7 AT RE 77 AR e A il . 8 g
PEACHAR B 1 B i D A ) AR A T AR 23 i O ik . AR
s BEAE B IR ST M S ik i — Pt . TR — 2B B AR PR
LE A AR B — R RO A S [A] L SR A 4 R AE — R Y 2%
TR BN WS, 53 8k, FATT R 32 40 AT AT 29 SRR 2 A4 1) B 5 2
S ) FOE A K AR g T 28 S A () LAY 2 A 7 125 ok b B
A2 I R AR ]
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