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Abstract

In this paper, the WASPP (Wavelet Atrous Spacial Pyramid Pooling), which was previously studied on behalf of
ASPP (Atrous Spacial Pyramid Pooling), which is the core of DeepLab V3 algorithm, was similar or slightly lower
than the existing ASPP, with mIOU from epoch=100 to 90.2%, and the results were insufficient to improve
performance. To improve this, the performance improvement of semantic segmentation object detection was reviewed
over the existing ASPP while utilizing wavelet characteristics. As a result, more than 1% performance improvement
has been achieved in loss and mIlOU compared to the existing ASPP, and in image 6 (Monitor prediction)
photographs, DeepLab v3 still has recognition errors based on epoch=200, but it has been completely improved in
epoch=50 in modified WASPP. This is the result of a performance improvement of more than 200% in a particular

image.
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