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Improved Shortest Augmenting Chain Algorithm of Maximum Flow

ZHAO Li-feng,JI Ya-bao
(College of Science,Nanjing University of Posts and Telecommunications,

Nanjing 210023, China)

Abstract : In maximum flow problem, since the Ford—Fulkerson algorithm chooses arbitrarily augmented chain, as a result the algorithm is
not a valid polynomial one. Classical shortest augmenting chain algorithm is to find the shortest augmenting chain in the augmented chain
process , thus eliminating the arbitrary of augmented chain selection. But in calculation process for finding the shortest augmenting chain,
needing to build the remaining network and the remaining surplus hierarchical network based on the original network cycle, its step is very
complicated. In order to improve the above problems,based on the classical shortest augmenting chain algorithm,an improved one for the
shortest augmenting chain is put forward. The idea is that if the saturated arc is obtained in flow value processing augmented remaining hi-
erarchical network , then the original arc corresponding to the network is deleted , making the original network simplified in order to reduce
the complexity of constructing remaining network and the remaining layered network and optimize the shortest augmenting chain algo-
rithm. The theory and simulation show that the improved algorithm is not only correct,but also higher in efficiency than the original algo-
rithm.
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