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A Visual Attention Model with the Depth of Field Map
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We propose a visual attention model in which a novel feature map called the “depth-of-field map” is introduced.
The depth-of-field map functions similar to the depth of field effect of human vision by enhancing the saliency
of the regions near the point of gaze in the direction of depth and reducing the gaze movements between regions
widely separated from each other. In this study, we first counted the relative frequency of three types of human
gaze movements (movement to adjacent objects at a similar depth, movement to adjacent objects in the same two-
dimensional direction, and movement to other objects) in three situations (matching, memorizing, and no assigned
task). The result shows that the percentage of gaze movement to adjacent objects at the same depth is more than
chance and the proportions of these three types of gaze movements vary according to the task. We then implement
the proposed model using Microsoft Kinect for Windows and input the scenes from the human experiment into the
model. The result shows an occurrence distribution similar to that of human gaze movement according to a given
task. It indicates that the proposed model could bring robotic gaze movement closer to that of a human.
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