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A study of age estimation from occluded images
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Abstract

Research on facial age estimation is being actively conducted because it is used in various
application fields. Facial images taken in various environments often have occlusions, and there is a
problem in that performance of age estimation is degraded. Therefore, we propose age estimation
method by creating an occluded part using image extrapolation technology to improve the age
estimation performance of an occluded face image. In order to confirm the effect of occlusion in the
image on the age estimation performance, an image with occlusion is generated using a mask image.
The occluded part of facial image is restored using SpiralNet, which is one of the image extrapolation
techniques, and it is a method to create an occluded part while crossing the edge of an image.
Experimental results show that age estimation performance of occluded facial image is significantly
degraded. It was confirmed that the age estimation performance is improved when using a face image
with reconstructed occlusions using SpiralNet by experiments.
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Figure 1. Create a masked face image: (a) Original face image, (b) Mask image, (c) Masked face image
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Figure 3. Face image extrapolation using SpiralNet{2]: (a) Original image, (b) Masked image, (c) Exbapolatéd image
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