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A study on age estimation of facial images using various
CNNs (Convolutional Neural Networks)
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Abstract

There is a growing interest in facial age estimation because many applications require age estimation
techniques from facial images. In order to estimate the exact age of a face, a technique for extracting
aging features from a face image and classifying the age according to the extracted features is required.
Recently, the performance of various CNN-based deep learning models has been greatly improved in the
image recognition field, and various CNN-based deep learning models are being used to improve
performance in the field of facial age estimation. In this paper, age estimation performance was
compared by learning facial features based on various CNN-based models such as AlexNet, VGG-16,
VGG-19, ResNet-18, ResNet-34, ResNet-50, ResNet-101, ResNet-152. As a result of experiment, it was
confirmed that the performance of the facial age estimation models using ResNet-34 was the best.
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Figure 1. Flowchart of facial age estimation based on deep learning
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