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Abstract: Perceived age is defined as age estimated based on physical appearance. Perceived age is an important
indicator of the overall health status of the elderly. This is because people who appear older tend to have higher rates
of morbidity and mortality than people of the same chronological age. Although perceived age is an important indi-
cator, there is a lack of objective methods to quantify perceived age. In this paper, we construct a quantified perceived
age model from face images using a convolutional neural network. The face images are enlarged to super-resolution
and the skin, an important feature in perceived age, is made clear. Moreover, through Tanh-polar transformation, the
central area of the face occupies a relatively larger area than the boundary area, helping the neural network better
recognize facial skin features. The experimental results show mean absolute error (MAE) of 6.59, showing that the

proposed model is superior to existing method.
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