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How influence the psychophysical tasks for developing the CNN-based saliency map
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Selective attention is a fundamental function of the brain that allocated its computational resource to the momentarily most
important subsets in a visual scene. In this work, we investigated how psychophysical tasks modulated the establishment of a
saliency map model based on the Convolutional Neural Network (CNN). Qualitative characteristics of gaze prediction by our
CNN-based saliency map models were markedly dependent on the psychophysical tasks. These results suggested the insights
into the perceptual characteristics and mechanisms for selective attention and gaze determination.
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