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Abstract

With the advancement of deep learning technology, research on facial age estimation using deep learning has been
actively conducted. In particular, Convolutional Neural Networks(CNNs), which have demonstrated outstanding
performance in image recognition, are widely applied in this field. In this paper, we propose a facial age estimation
method leveraging EfficientNet, which optimally enhances CNN performance. EfficientNet improves CNN effectiveness
through a compound scaling method that systematically adjusts model depth, width, and resolution. Additionally, we
trained EfficientNet using a mean-variance loss function to further enhance its performance. Experimental results

confirm that the proposed EfficientNet-based approach outperforms existing CNN models in facial age estimation.
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