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Abstract In this paper, our goal is automatic segmentation of flower region which is processed before recognition
in our flower recognition system. In conventional method, it is difficult to segment region without color or location
information given by users and saliency (visual attention) is not considered yet. The proposed method can segment
flower region automatically by using Graph Cuts based on AdaBoost learning and Saliency Map. AdaBoost learning
determines flower location and the pixels inside and outside the rectangle specified by AdaBoost are used to build
two Gaussian mixture models (GMM). Secondly, flower regions are detected based on visual attention by using
Saliency Map and prior probabirity is defined as saliency. Posterior probability is computed from prior probability
and likelihood and is given t-link cost in Graph Cuts. Our method is applicable to other objects.
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