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Abstract Graph has been applied to many fields of science and technology,such as pattern recognition and computer vi-
sion, because of its powerful representation of structure and information. When graph is used to represent object struc-
ture,calculating the similarity of two objects equals to calculating the similarity of two graphs. The research of graph
matching algorithms has been carried out for decades,especially as the big data technology increasingly becomes hot re-
cently. As a representation of relationship among data, graph has been paid more attention in the research. This paper
gave a survey of the development of the graph matching technology as well as the foundation of this theory. Then, this

paper made a summarization of graph matching methods,and compared the performance of several classical algorithms.
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