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Face Attributes in Wild Based on Deep Learning
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Abstract Faces in the wild are huge in number and more close to life,and the recognition of facial attributes is a valua-
ble research. A face attributes recognition method named RMLARNet (Regional Multiple Layer Attributes Related
Net) was proposed for faces in the wild, which explores a new feature extraction method and attributes relationship. The
processing steps of this method are as follows:1)Feature extraction is based on the regional parts of image. 2) Features
are extracted from different layer of Inception V3.and they are concatenated to get the final face feature. 3) An attrib-

utes relationship related network is used for attributes recognition. The experiment is conducted on a balanced CelebA-

data set which is a subset of CelebA,and this method outperforms state-of-the art methods.
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