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Heuristic Algorithm Based on Block Mining and Recombination for Permutation Flow-shop
Scheduling Problem

CHEN Meng-hui,CAO Qian-feng and LAN Yan-qi

School of Software, Nanchang University, Nanchang 330047, China

Abstract Combinatorial optimization is widely used in task problems, such as traveling salesman problem (TSP), scheduling
problems. In this study,an evolutionary-based block model (EBBM) was proposed to enhance the speed of convergence so as to a-
void premature convergence problem. The main idea of blocks is to find key blocks from chromosomes and use these blocks to im-
prove evolutionary algorithms (EAs) to solve combinatorial optimization problems (COPs). Block is a kind of information that
explores the effects of individual genes on the evolution of chromosomes,containing information that is helpful for evolution and
information that hinders evolution. In this paper,these two different kinds of information are stored and used. The evolution di-
rection of the information providing algorithm, through the influence of two different information,not only improves the conver-
gence speed of the algorithm,but also improves the diversity of the algorithm solution,so as to achieve goals of high stability and
good solution quality. The block mechanism proposed includs building a probability matrix, generating blocks by associated rule
and applying blocks to construct artificial chromosomes. Since the block is used as the basic unit for constructing the artificial so-
lution in this paper, the blocks mined by the association rules not only have diversity, but also control the block information
strength required for the evolution process according to the set confidence level. Finally.in order to confirm the quality of solu-
tions, the proposed approach is experimentally implemented on permutation flow-shop scheduling problem (PFSP). According to
the average error rate,the optimal error rate and the convergence curve,the solution effect of the algorithm is discussed, the ex-
perimental results show that the block mechanism by positive and negative information is useful to improve the speed of conver-
gence and avoid premature convergence problem. In additional, the results also demonstrate that BBEM is applicable and efficient
to the COPs.

Keywords Permutation flow-shop scheduling problem. Association rule,Block mining and restructuring, Artificial chromosome.,
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Table 1 Taillard example size and iteration number

n/m 20/5 20/10 20/20 50/10 50/20 100/5  100/10
Iteration 3600 10000 22500 30000 45000 60000 80000
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Table 2 MER evaluation of algorithms criterion on Taillard instance

ER(Y) = X100% (1D

Instance n,m MER/ %
BBEDA LMBBEA BF-TS EBBM
ta005 20,5 0.00 0.00 0.02 0.00
ta010 20,5 0.00 0.00 0.00 0. 00
ta020 20,10 0.25 0.00 0.07 0.00
ta030 20,20 0.05 0.05 0.08 0.00
ta050 50,10 0. 85 0. 85 0. 85 0.85
ta060 50,20 3.79 3.11 3.20 2.92
ta070 100,5 0.00 0.00 0.01 0.00
ta080 100,10 0.00 0.00 0.00 0. 00
Average 0.62 0.50 0.53 0.47

# 3 AFILAE Taillard B8 58 T A 19 AER L5

Table 3 AER evaluation of algorithms criterion on Taillard instance

Instance nsm AER/ %
BBEDA LMBBEA BF-TS EBBM
ta005 20,5 0.22 0.04 0.18 0. 00
ta010 20,5 0.04 0.00 0.15 0.00
ta020 20,10 0. 66 0.50 0.50 0.43
ta030 20,20 0.11 0.08 0.08 0.08
ta050 50,10 1.23 1.05 1.06 0.90
ta060 50,20 4.27 3.55 3.26 3.16
ta070 100,5 0.03 0. 06 0.03 0.02
ta080 100,10 0.08 0. 06 0.11 0.03
Average 0.83 0.67 0.67 0.58
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Fig. 9 Comparison of convergence speed of Ta80 examples
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