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Web Information Extraction Based on Simulated Annealing
Algorithm and Hidden Markov Model
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Abstract ; Typical HMM is sensitive to the initial model parameters and often leads to sub-
optimal when training it with random parameters. It is ineffective when extracting Web in-
formation with typical HMM. The artical proposes web information extraction algorithm
based on SA and HMM. The algorithm chooses the best SA parameters by experiment and
optimizes HMM combining Baum-Welch during the course of extracting Web information.
Experimental results show that the new algorithm significantly improves the performance in
precision and recall.
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