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Abstract ; Facial age estimation using traditional neural network algorithm can bring gradient dispersion or gradient
explosion, which leads to the risk of network degradation.Hence,a Selective multilayer fusion convolutional neural
network structure is proposed. Firstly, the SMLF-Net with SE-like ( Squeeze-and-Excitation Networks ) structure is
designed to enhance the model’s nonlinearity and feature recalibration. Secondly,in order to improve the classifica-
tion accuracy of deep network model ,a structure similar to RE( ResNets)is utilized to solve the network degradation
problem. Finally,the network structure is selected dynamically according to the moved step of convolution kernel to
avoid excessive network parameters. The proposed method builds RE and SE structures to extract high-dimensional ,
middle-dimensional and low-dimensional features of human faces. Meanwhile, it uses Batch Normalization to reduce
network training difficulty. Imdb-wiki data set after Asian data expansion is used to train the proposed methed and
tested on Raspberry Pi. The results show that the average absolute error( MAE ) of SMLF-NET is 3.09. This result is
better than Google InceptionNet with the average absolute error 3.32 and ShuffleNet with the average absolute error
3.54.The results demonstrate adequately the advance and effectiveness of the proposed method.
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