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Abstract

As deep learning has become popular, researches which can help explaining the prediction results also become
important. Superpixel based multi-scale combining technique, which provides the advantage of visual pleasing by
maintaining the shape of the object, has been recently proposed. Based on the principle of prediction difference, this
technique computes the saliency map from the difference between the predicted result excluding the superpixel and
the original predicted result. In this paper, we propose a new technique of both excluding and including super

pixels. Experimental results show 3.3% improvement in IoU evaluation.
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[Algorithm 1] Regional Multi-scale Prediction Difference by using Ex
Input: trained classifier f, image X, target class ¢, multi-scale num.

Output: saliency map s
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[Algorithm 2] Regional Multi-scale Prediction Difference by using
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Input: trained classifier f, image X, target class ¢, multi-scale
number 7

Output: saliency map s

I: Run f to get ply=dx)

2: Estimate N(i, 0°) from the image x segmented with scale 2°
3 for j=1 to r do // for each scale
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