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Weight Estimation of Image Filters Using Differential Evolution
for Semantic Segmentation

*S. Yamakawa!, Y. Kawaiff, E. Makihara! and K. Onof

( T Faculty of Science and Engineering, Doshisha University
Tt Graduate School of Science and Engineering, Doshisha University)

Abstract— Semantic Segmentation on a pixel basis is necessary for understanding image semantic analysis
and often based on CNNs when there are enough test images. Under small number of samples, it is reported
that Textonboost, which applys the filter bank based on Gausian Filters, is effective for Semantic Segmen-
tation. However, it is not clear that the filter bank consists of optimum filters. In this research, we propose

an adaptive method that applys other filters to Textonboost and learns appropriate weights for each filter
using DE. In the performance evaluation, we confirmed improvement by optimized new filters using DE.

Key Words: Semantic Segmentation, Textonboost, Differential Evolution, Convolution filter
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