3Yin2-15

The 36th Annual Conference of the Japanese Society for Artificial Intelligence, 2022

O OEVER ORI EAME KL X AN—V 2 A28 D
i JE ) D53 HT

Analysis of feature distribution using KLD between inputs and
intermediate layer outputs in revetment image.

HH AN W =5 RAG ME—"1 g fl— R Hr ™
Ryuto Yoshida Yukino Tsuzuki Junichi Okubo Junichiro Fujii Takayoshi Yamashita

TNTRE V=RV HRAS

Yachiyo Engineering Co.,Ltd.

2 R

Chubu University.

Scaling input data such as standardization and regularization is a common technique in machine learning. Scaling reduces
the difference in the distribution of the input data. Batch Normalization has the purpose of scaling the distribution of features
after convolution. Generally, the output of the Batch Normalization layer is converted non-linearly by the activation function.
Therefore, the distribution of features through the Batch Normalization layer affects the propagation of features. The task of
this study is the crack segmentation of the revetment. The Batch Normalization layer output is evaluated using KL divergence,
which is an index for measuring the difference in probability distribution. Then, the relationship between the feature distribution

of the input image and KL divergence is analyzed.
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