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Abstract

In this paper, we propose a bounding box prediction algorithm using multiple probability maps to

improve object detection result of object detector. Although the performance of object detectors has

been significantly improved, it is still not perfect due to technical problems and lack of learning data.

Therefore, we use the result correction method to obtain more accurate object detection results. In

the proposed algorithm, the preprocessed bounding box created as a result of object detection by the

object detector is clustered in various form, and a conditional probability is given to each cluster to

make multiple probability map. Finally, multiple probability map create new bounding box of object

using morphological elements.

Experiment results show that the newly predicted bounding box

reduces the error in ground truth more than 45% on average compared to the previous bounding box.
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Fig. 7. Bounding box modification results
(red: before, blue: after, yellow: ground truth)
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V. Conclusions
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