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3D Face Recognition with Multi-modal Fusion Based on Deep Learning

HU Nai-Ping, JIA Hao-Jie
(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: Two-dimensional (2D) face recognition is greatly affected by illumination, occlusion, and attitude. To
overcome these shortcomings, this study proposes a 3D face recognition algorithm with multi-modal"fué‘ion based on deep
learning. Firstly, the convolutional autoencoder fuses the color image and the depth map, and the fused image is input to
the network for pre-training. In addition, a new loss function cluster loss is desighed ferpre-training in combination with
the Softmax loss, so as to obtain a highly accurate model. Then, transfer learning is employed to fine-tune the pre-trained
model, and thus a lightweight neural network model is obtained. The iorocessed original dataset is used as the test set, and
the identification accuracy of the test reaches 96.37%. Experimental results verify that the proposed method makes up for
some shortcomings of 2D face recognition, and it is less affected by illumination and occlusion. Compared with 3D face
recognition using high-precision 3D face images, the proposed algorithm is faster and more robust.

Key words: 3D fage recognition; multi-modal fusion; deep learning; convolutional neural network (CNN); loss

function; transfer learning
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