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Facial Age Prediction Algorithm Based on Deep Learning

ZHANG Liangliang, ZHANG Mingyan, CHENG Fanyong,ZHOU Peng
(Anhui Key Laboratory of Electri¢ Drive and Control, Anhui Polytechnic University , Wuhu,;Anhui 241000, China)

[ Abstract] In order to improve the accuracy of facial age prediction, this paperproposes an algorithm for effective age
estimation based on a deep learning.Based on the preprocessed face images, the images of the parts around the left eye,
right eye, nose and/mouth are obtained. Then by using the Inception V4 model in the deep learning database of
TensorFlow, the multiscale local features of these four face parts are extracted and connected in series to obtain the fused
features. The fused features of different ages are input into bidirectional Long Short-Time Memory (LSTM) to learn the
correlation between the fused features of different ages, completing the age prediction. The experimental results on the
open data sets FG NET and MORPH show that the algorithm can significantly improve the accuracy and robustness of
age prediction by using the correlation between the fused multiscale facial features and the fused features of different
ages.

[Key words] deep learning; Convolutional Neural Network(CNN);Recursive Neural Network(RNN) ;facial image;
age prediction
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