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Multimodal Correlation Feature Processing Method Based on Hypergraph

LUO Yong’en®" ,HU Jicheng"", XU Qian®
(a. School of Computer; b. State Key Lab of Software Engineering, Wuhan University , Wuhan 430072, China)

[ Abstract] Features are usually considered as independent of each other in traditional pattern recognition methods. The
neglect of the correlation among multimodal features is part of the reason for recognition error. Aiming at integrating
multimodal features, this paper presents a hypergraph framework. Under hypergraph model, this paper defines a new
measure called shared entropy to capture the multivariate correlation among the multimodal features. Each feature is
abstracted as a vertex, and if the value of shared entropy reaches the threshold, a hyperedge can be built. Then, the
hypergraph is clustered into a set of partitions using the modularity instead of cut-edges to measure the community degree
of sub-hypergraphs. Finally ,combining the weak classifiers learned from each partition,a multiclass Boosting method is
used to form the last strong classifier. Experimental results show that this method can improve the recognition accuracy
effectively compared with the current popular methods such as linear Support Vector Machine ( SVM ) and Multiple
Kernel Learning( MKL) .
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